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I Introduction 
Already in 1982, Peters and Waterman emphasized in their book In search of 
excellence that being “close to the customer” is a core principle of excellent 
organizations (Peters and Waterman 1982). At that time, their claim was in line with 
numerous marketing scholars propagating a shift from a rather short-term and product-
oriented transactional marketing to a more long-term-oriented relationship marketing 
(e.g., Arndt 1979; Bagozzi 1974; 1978; Day and Wensley 1983; Dwyer et al. 1987; 
Levitt 1983). In this research context, relationship marketing has often been defined in 
accordance to Berry (1983, p. 25) with a strict focus on customers as “[…] attracting, 
maintaining and […] enhancing customer relationships”I-1. Nowadays, customer 
relationships are thereby perceived as valuable (intangible) assets (Berger et al. 
2002, p. 40; Srivastava et al. 1998, p. 2). In some companies, particularly in the service 
sector (Heidemann 2009, p. I-1), customer relationships even account for a 
considerable share of the firm value (Hogan et al. 2002, p. 4; Gupta et al. 2004, p. 7 f.; 
Kumar et al. 2004, p. 63). 
Since the beginning of the 1990s, the widely acknowledged paradigm of value-based 
management (Coenenberg and Salfeld 2007, p. 3), which is based on the shareholder 
value principle (cf. e.g., Rappaport 1986), postulates “[…] the maximization of the long-
term sustainable enterprise value as a guideline for all business activities” (Buhl et al. 
2011, p. 164). As “[…] without customer value there can be no shareholder value” 
(Rappaport 1998, p. 76), customer relationships need to be constantly and actively 
managed (Berger et al. 2002, p. 39 ff.; Doyle 2002, p. 235; Hogan et al. 2002, p. 4). 
That is, they “[…] need to be invested and de-invested in just like any other (tangible) 
asset of the firm” (Wübben 2008, p. 19). To measure the value of customer 
relationships and to account for the principles of value-based management when 
making such investment decisions, the customer lifetime value (CLV) has become an 
intensively researched and widely accepted concept (Pepe 2012, p. 2). In its basic 
                                            
I-1
 Today, some authors apply a broader definition of relationship marketing (e.g., Grönroos 1991, p. 8) including 
not only customers but also other parties such as suppliers or even competitors (Hippner et al. 2011, p. 19; 
Wübben 2008, p. 12). 
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formI-2, the CLV is “[…] the present value of the net contribution associated with a 
customer’s purchases/transactions over a ‘lifetime’” (Weinberg and Berger 2011, 
p. 328; cf. e.g., also Berger and Nasr 1998; Blattberg et al. 2001; Dwyer 1997). As prior 
research found that not all customers contribute equally to a firm’s value and some 
might even have a negative impact (Ang and Taylor 2005, p. 301; Reinartz and Kumar 
2000, p. 19 f.), a differentiated customer relationship management (CRM) is required. 
Here, CRM is defined in accordance to Payne and Frow (2005, p. 168) as: 
“[…] a strategic approach that is concerned with creating improved 
shareholder value through the development of appropriate relationships 
with key customers and customer segments. CRM unites the potential of 
relationship marketing strategies and IT to create profitable, long-term 
relationships with customers and other key stakeholders. CRM provides 
enhanced opportunities to use data and information to both understand 
customers and co-create value with them. This requires a cross-functional 
integration of processes, people, operations, and marketing capabilities 
that is enabled through information, technology, and applications”. 
Traditionally, researchers and practitioners engaged in the field of CRM perceived 
customer relationships solely as bidirectional connections between firms and 
customers, whereby firms were able to control the conversations to a large extent 
(Band et al. 2010, p. 5). However, as already anticipated in Tapscott’s vision of The 
Digital Economy: Promise and Peril in the Age of Networked Intelligence (Tapscott 
1996), the increasing digital connectedness changed the behavior of customers 
dramatically (Hennig-Thurau et al. 2010, p. 311). Especially with the rise of Online 
Social Networks (OSN), such as Facebook, customers nowadays vividly exchange 
their experiences and opinions with previously unknown intensity, reach, and speed 
among each other (Rosemann et al. 2012, p. 2 f.). Thus, it is even claimed that “[…] 
companies are no longer in control of the [customer] relationship. Instead, customers 
and their highly influential virtual networks are now driving the conversation […]” (Baird 
and Parasnis 2011, p. 30). In the following, OSN – which impressively represent such 
virtual networks in the digitally connected world we live in – are defined according to 
Boyd and Ellison (2007, p. 211) asI-3: 
                                            
I-2
 For reviews of further CLV models cf. e.g., Gupta et al. (2006) and Villanueva and Hanssens (2007). 
I-3
 Boyd and Ellison (2007) use the term Social Networking Site. In this dissertation OSN is used synonymously. 
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“[…] web-based services that allow individuals to (1) construct a public or 
semi-public profile within a bounded system, (2) articulate a list of other 
users with whom they share a connection, and (3) view and traverse their 
list of connections and those made by others within the system”. 
By offering numerous technical functionalities that enable users to communicate easily 
and in real-time with acquaintances, friends, or even strangers (cf. e.g., Boyd and 
Ellison 2007; Huber et al. 2012; Kim et al. 2010), OSN “[…] constitute powerful 
communication platforms that allow for presenting oneself and exchanging information 
in an efficient and timely manner” (Heidemann et al. 2012, p. 3868). For example, 
solely on Facebook – the most popular OSN in the world – one billion active users are 
connected in a network of 140 billion friendship connections as of October 2012 
(Facebook 2012). These users share 684,478 pieces of content and “like” 34,722 
brands or organizations – every single minute (Tepper 2012). Consequently, also 
customers became to a large extent digitally connected (Weinberg and Berger 
2011, p. 328), creating an enormous amount of user-generated content and closely 
related electronic word-of-mouth (Kaplan and Haenlein 2010, p. 63; Smith et al. 
2012, p. 102). The latter can be defined as “[…] any positive or negative statement 
made by potential, actual, or former customers about a product or company, which is 
made available to a multitude of people and institutions via the Internet” (Hennig-
Thurau et al. 2004, p. 39). Customers thereby rate products, report their experiences 
with products, services, and customer support, or even create advertising on their own 
(Berthon et al. 2008, p. 6; Fader and Winer 2012, p. 369; Hanna et al. 2011, p. 265). 
Moreover, prior research indicates that customers consider recommendations and 
opinions of like-minded others to be more credible than information provided by 
companies (Chen and Xie 2008, p. 478; Moon et al. 2010, p. 108). Therefore, “[…] the 
early part of the 21st century has become the era of social commerce” (Fader and 
Winer 2012, p. 369). 
To account for these changes, users of OSN should be perceived as important 
communication partners who provide valuable feedback on brands, products, and 
services (Li and Bernoff 2011, p. 194; Segrave et al. 2011, p. 4). Such feedback can be 
already integrated during the research and development phase of new products or 
services (Richter et al. 2011, p. 98). Furthermore, companies can leverage OSN within 
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the business areas marketing and sales. For instance, users can be motivated to 
advertise products and services on their own by drawing on targeted and viral 
marketing strategies that leverage network effects (Hill et al. 2006, p. 257; Libai et al. 
2010, p. 270; Trusov et al. 2009, p. 90). By creating higher levels of awareness as well 
as motivating and incentivizing users to increase the number of positive user-
generated ratings and comments, companies can thus influence customer behavior 
and significantly grow their sales (Chevalier and Mayzlin 2006, p. 349 ff.; Lin and Goh 
2011, p. 9 ff.; Moon et al. 2010, p. 118; Zhu and Zhang 2010, p. 135 ff.). Companies 
also try themselves to participate actively in conversations about their brands, 
products, and services (Hennig-Thurau et al. 2010, p. 313 f.). For instance, many 
companies set up fan pages in OSN, which can be described as corporate profile (Kim 
et al. 2010, p. 228). Jahn and Kunz (2012) show that users’ intensive fan page usage 
and engagement lead to higher levels of brand loyalty, which can in turn increase 
brand commitment, brand-related word-of-mouth, and brand purchase. Besides using 
OSN within the business areas marketing and sales, companies can also use OSN to 
provide customer services such as customer support (Bonchi et al. 2011, p. 4; 
Weinberg and Berger 2011, p. 342). Taken together, companies can use OSN to be 
closer to the customer along the whole value chain (cf. Figure I-1). 
 
Figure I-1. Potential OSN usage in business areas along the value chain
I-4
 
Source: Own illustration based on Bonchi et al. (2011, p. 4) and Mattern et al. (2012, p. 9) 
To account for these new possibilities and related challenges, numerous researchers 
and practitioners propagate the necessity of a further developed “social” CRM (e.g., Alt 
and Reinhold 2012; Ang 2010; Baird and Parasnis 2011; Band et al. 2010; Faase et al. 
2011; Rapp and Panagopoulos 2012; Rosemann et al. 2012; Reinhold and Alt 2012; 
                                            
I-4
 Since the focus of this work is on customers, management and support processes such as human resources or 
internal applications for knowledge management and collaboration, which can also be supported by OSN 
(Bonchi et al. 2011, p. 4; Mattern et al. 2012, p. 8 f.), are not further considered. 
Customer 
Service
Main focus of social CRM
Marketing Sales
Research & 
Development
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Woodcock et al. 2011), which incorporates data from OSN when managing customer 
relationships (Myron 2010, p. 4). While OSN can be leveraged along the entire value 
chain (Mattern et al. 2012, p. 8 f.), the main focus of social CRM is on the business 
areas marketing and sales (Bonchi et al. 2011, p. 4) (cf. Figure I-1). Particularly in 
these areas, the connected customer can exercise his or her power to a large extent by 
promoting brands, endorsing the purchase of products and services, or by advising 
against them. Hence, through their influence on other existing or potential customers 
and the related customer values, the firm value can be increased or decreased (Hogan 
et al. 2003, p. 196; Nitzan and Libai 2011, p. 24 f.; Weinberg and Berger 2011, p. 328). 
Tirunillai and Tellis (2012) further show, that the mere volume of positive (negative) 
user-generated content can lead to positive (negative) abnormal stock market returns. 
Taken together, companies are therefore highly interested in (1) understanding the 
specific characteristics of OSN and their users, (2) learning more about the influence of 
customer-to-customer interactions in OSN, and (3) being actually able to identify the 
most influential users in OSN, who can be targeted to initiate and control the diffusion 
process of user-generated content, such as electronic word-of-mouth (Bonchi et al. 
2011, p. 21; Hinz et al. 2011, p. 55; Libai et al. 2010, p. 271). However, even though 
OSN provide a huge amount of user data that can be leveraged to do so (Bonchi et al. 
2011, p. 2; Katona et al. 2011, p. 425 f.; Subramani and Rajagopalan 2003, p. 301), 
companies “[…] are seeking guidance on effective principles and mechanisms for 
analysing and leveraging these data in an impactful way” (Weinberg and Berger 
2011, p. 342). Hereby, this dissertation shall contribute to research and practice. The 
following section I.1 pinpoints its objectives and structure. In the subsequent 
section I.2, the corresponding research papers are embedded in the research context 
and the fundamental research questions are highlighted. 
I.1 Objectives and Structure of the Dissertation 
The main objective of this dissertation is to contribute to the field of CRM with a 
particular focus on OSN and the identification of influential users within these networks. 
Figure I-2 provides an overview of the dissertation’s pursued objectives and its 
structure.  
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I Introduction 
Objective I.1: Pinpointing the objectives and the structure of the dissertation 
Objective I.2: Embedding the corresponding papers into the research context of  
the dissertation and motivating the fundamental research questions 
II Business Value of Online Social Networks along the Value Chain  
(Research Paper 1) 
Objective II.1: Defining the concept of Online Social Networks and reviewing their 
development over time 
Objective II.2: Demonstrating the impact and value as well as major risks and 
challenges of Online Social Networks from a business perspective  
III Influential Users in Online Social Networks (Research Papers 2, 3, and 4) 
Objective III.1: Outlining fundamental research on social influence, influential people, 
and their identification in social networks before the rise of Online 
Social Networks 
Objective III.2: Analyzing and synthesizing the growing number of publications on  
the identification of influential users in Online Social Networks and 
deriving a research agenda by identifying research gaps 
Objective III.3: Developing a novel approach for the identification of influential users 
in Online Social Network bringing together main findings from prior 
research 
Objective III.4: Evaluating the novel PageRank based approach against existing 
approaches using objective data 
Objective III.5: Proposing an approach for predicting users’ communication activity  
in Online Social Networks to improve the effectiveness of advertising 
strategies by addressing the most active users deliberately 
IV Summary and Future Research 
Objective IV.1: Summarizing the key findings 
Objective IV.2: Highlighting starting points for future research 
Figure I-2. Objectives and structure of the dissertation  
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I.2 Research Context and Research Questions 
In the following section, the corresponding research papers included in this dissertation 
are embedded in the research context with respect to the above stated objectives and 
the respective research questions are motivated. 
I.2.1 Business Value of Online Social Networks along the Value Chain 
Research Paper 1: “Online Social Networks: A Survey of a Global Phenomenon” 
During the last decade, research in the fields of Business & Information Systems 
Engineering (BISE) and Marketing has been substantially influenced by the rise of 
OSN (Bonchi et al. 2011, p. 2; Fader and Winer 2012, p. 369; Rosemann et al. 
2012, p. 1). Today, the most popular OSN Facebook connects one billion active users 
(Facebook 2012) and there are also numerous “smaller” OSN with millions of users 
(Kim et al. 2010, p. 118). These users vividly exchange information and express their 
opinions and emotions (Lin and Goh 2011, p. 2), whereby an enormous volume of 
user-generated content is created (Kaplan and Haenlein 2010, p. 63; Smith et al. 2012, 
p. 102). Taken together with information about the underlying network structure, this so 
far unknown rich amount of customer data can be leveraged to improve companies’ 
CRM, especially with respect to the business areas marketing and sales (Bonchi et al. 
2011, p. 2 ff.; Katona et al. 2011, p. 425 f.; Subramani and Rajagopalan 2003, p. 301). 
However, before integrating data from OSN to achieve a more “social” CRM (Myron 
2010, p. 4; Rosemann et al. 2012, p. 5), it is necessary to understand the specific 
characteristics of OSN and their users. Therefore, the goal of the first research paper is 
to contribute to a better understanding of OSN by addressing the following research 
questions (Heidemann et al. 2012, p. 3866):  
 What are OSN and why are they used?  
 What are the structural characteristics that form the backbone of OSN?  
 How did OSN emerge and develop over time?  
 How can the large number of OSN be classified?  
 What are the impact and value of OSN from a business perspective?  
 What are major risks and challenges in the context of OSN?  
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I.2.2 Influential Users in Online Social Networks 
Research Paper 2: “Who will lead and who will follow: Identifying Influential Users in 
Online Social Networks - A Critical Review and Future Research Directions” 
Along with the above mentioned rise of the phenomenon OSN, identifying influential 
users in OSN is receiving a great deal of attention in both, BISE and Marketing 
literature (Bonchi et al. 2011, p. 21; Hinz et al. 2013; Katona et al. 2011, p. 426). 
Besides the previously unknown technical possibilities and the large amount of 
available data, this is especially due to the decreasing impact of traditional marketing 
techniques (Clemons 2009, p. 48 f.; Hinz et al. 2011, p. 55; Trusov et al. 2009, p. 90) 
and the already noted trust of customers in recommendations of other users (Chen and 
Xie 2008, p. 478; Moon et al. 2010, p. 108). Therefore, more and more companies try 
to leverage the effect of social influence on product adoption (cf. e.g., Godes and 
Mayzlin 2009; Goldenberg et al. 2009; Hinz et al. 2013; Iyengar et al. 2011), by 
targeting the most influential people in social networks (Bonchi et al. 2011, p. 21; Hinz 
et al. 2011, p. 55; Libai et al. 2010, p. 271). However, as for instance noted by Richter 
et al. (2011, p. 98), “[…] the development of practical approaches for the identification 
of influential users in OSN is still in its infancy […] and researchers face numerous 
challenges” (Probst et al. 2013). Therefore, the second research paper aims at 
analyzing and synthesizing the current state of the art on the identification of influential 
users in OSN, in order to stimulate and guide further research at this interface of BISE 
and Marketing. Derived from a brief overview of fundamental research on social 
influence, influential people, and their identification in social networks before the rise of 
OSN, the following research questions are investigated and – based on the results and 
the identified research gaps – a research agenda is postulated (Probst et al. 2013):  
 How are influential users characterized in the context of OSN?  
 Which approaches have been developed and applied for the identification of 
influential users in OSN?  
 How have these approaches been evaluated and which implications have been 
derived? 
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Research Paper 3: “Identifying Key Users in Online Social Networks: A PageRank 
Based Approach” 
Despite the enormous popularity of OSN, the question of how their providers can yield 
sustainable revenues is still not fully answered (Clemons 2009; Lu and Hsiao 
2010, p. 150). Therefore, not only companies are interested in identifying influential 
users as mentioned above, but also OSN providers consider so-called key users as a 
potential source of revenue (Xu et al. 2009, p. 17). Such key users can be 
exceptionally influential users, who can be addressed for marketing purposes. OSN 
providers, who are able to identify such users, can for instance develop significantly 
improved advertising models (cf. e.g., Bao and Chang 2010). However, key users can 
also be very loyal users, who are unlikely to leave the OSN. Since only remaining 
users can be leveraged for marketing purposes or to gain membership revenues 
(Heidemann et al. 2010, p. 12 f.), such users are “[…] crucial to growth and survival of 
large online social networks” (Nazir et al. 2009, p. 65). Finally, key users can also be 
users with a relatively high willingness to pay for premium services in OSN 
(Heidemann et al. 2010, p. 2). Prior literature indicates that especially users’ 
connectivity and communication activity should be considered when identifying these 
different types of key users (e.g., Algesheimer and von Wangenheim 2006; Bampo et 
al. 2008; Xu et al. 2009). Existing approaches, however, often identify either well-
connected users (e.g., Hinz et al. 2011) or particularly active users (e.g., Goldenberg et 
al. 2009). Therefore, the third research paper aims at developing a novel approach 
bringing concepts and findings from research on users’ connectivity (by applying an 
adapted PageRank based centrality measure) and users’ communication activity (by 
deriving a weighted activity graph considering the communication intensity among 
users) together. With users’ retention as the evaluation criterion, the approach is 
evaluated regarding its applicability and practical utility using a publicly available 
dataset of Facebook. Thus, two research questions are addressed: 
 How can key users in OSN be identified by a novel approach bringing concepts 
and findings from research on users’ connectivity and activity together? 
 Is the proposed novel approach better suited for identifying key users in OSN than 
existing approaches based on either users’ connectivity or communication activity?  
 
I Introduction  I-10 
 
Research Paper 4: “Predicting Users’ Future Level of Communication Activity in 
Online Social Networks: A First Step towards More Advertising Effectiveness” 
As already indicated within this introduction, both users’ connectivity and 
communication activity are essential when trying to increase advertising effectiveness 
in terms of product endorsement in OSN (cf. e.g., Wen et al. 2009). In OSN, users 
connect by sending and confirming friendship requests leading to static and undirected 
social connections (Heidemann et al. 2010, p. 3 f.; Heidemann et al. 2012, p. 3867). 
However, only a small share of these connections can be considered as actually 
active, as on average 20% of a user’s connected “friends” account for 70% of his or her 
communication activity (Wilson et al. 2009, p. 210). Hence, Wilson et al. (2009, p. 210) 
conclude that “[…] not all social links are equally useful”. This is in line with Xu et al. 
(2008, p. 14) who also highlight that “[…] interaction information is invaluable to 
marketers, more important than the static links”. Consequently, knowledge about users’ 
future communication activity in OSN is highly valuable (Trusov et al. 2010, p. 643 f.; 
Willinger et al. 2009, p. 49). To increase advertising effectiveness, companies need to 
address especially users who stay active (Cheung and Lee 2010, p. 28; Ganley and 
Lampe 2009, p. 273), as only active users become potentially aware of advertising and 
virally spread the advertising message. Prior research suggests relying on users’ 
records of past communication activity to identify these active users (Xiang et al. 
2010, p. 981). This rather straightforward approach, however, is contrary to previous 
findings, which show that high levels of communication activity cannot be taken for 
granted and past communication behavior must not necessarily indicate future levels of 
users’ communication activity (Cummings et al. 2002, p. 107; Viswanath et al. 
2009, p. 39 f.). Therefore, the fourth research paper proposes to transfer a probability-
based method, which has been primarily developed by Fader et al. (2005) to forecast 
purchasing behavior of customers, to the context of users’ communication activity in 
OSN. Its suitability for predicting users’ future level of communication activity in OSN is 
then evaluated using publicly available data from Facebook (Probst 2011, p. 2). Hence, 
the following research question is investigated: 
 Can users’ individual future level of communication activity in OSN be predicted by 
a method that has originally been developed to forecast purchasing behavior? 
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The research context is summarized in Figure I-3, which highlights the business areas 
along the value chain that are mainly addressed by the respective chapters and 
research papers. 
 
Figure I-3. Chapters and research papers in the research context 
After this introduction pinpointing the objectives and the structure of the dissertation as 
well as motivating the research context and the addressed research questions, the 
respective research papers are presented in chapters II and III. Subsequently, the key 
findings are summarized and starting points for future research are highlighted in 
chapter IV. 
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Abstract: 
Online social networks became a global phenomenon with enormous social as well as 
economic impact within a few years. Alone, the most popular online social network, 
Facebook, counts currently more than 850 million users worldwide. Consequently, 
online social networks attract a great deal of attention among practitioners as well as 
researchers. The goal of this article is to provide an overview of online social networks 
in order to contribute to a better understanding of this worldwide phenomenon. In this 
context, we address for example the following questions: What are the major 
functionalities and characteristics of online social networks? What are the users’ 
motives for using them and how did online social networks emerge and develop over 
time? What is the impact and value of online social networks from a business 
perspective and what are corresponding challenges and risks? 
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II.1  Introduction 
Since the launch of the first recognizable network SixDegrees in 1997 (Boyd and 
Ellison 2007), multiple Online Social Networks (OSN) such as Facebook, LinkedIn, or 
Google+ have become popular Internet platforms, where people around the world 
congregate and get connected. The use of OSN has reached an enormous scale: The 
fraction of Internet users visiting OSN at least once a month is expected to grow from 
41% in 2008 to over 65% in 2014 (Williamson 2010). The OSN Facebook, for instance, 
already outperformed Google as the most frequently visited website of the week in the 
US in March 2010 (Dougherty 2010) and counted 845 million active users in December 
2011 (Facebook 2011). Although originally designed for private use (Bughin and 
Manyika 2007), more and more companies aim at presenting their brands and products 
within OSN to leverage their popularity (Wen et al. 2009). Worldwide advertisement 
spending on OSN is therefore expected to grow from US$ 5.2 billion in 2011 to US$ 
11.9 billion in 2014 (eMarketer 2012). Taken together with the immense value of 
information that OSN hold (Beer 2008), numerous OSN have been consequently 
valued at billions of dollars. Hence, this technical and social phenomenon has evolved 
into a global mainstream medium with increasing social and economic impact. 
In this article we give an overview of the phenomenon OSN. However, we do not 
present a full survey, but aim at providing the reader with the most relevant information 
to follow up on any of the subareas covered. Thereby, we address the following 
questions: (1) What are OSN and why are they used? (2) What are the structural 
characteristics that form the backbone of OSN? (3) How did OSN emerge and develop 
over time? (4) How can the large number of OSN be classified? (5) What is the impact 
and value of OSN from a business perspective? (6) What are major risks and 
challenges in the context of OSN? The remainder of the paper is organized as follows: 
In the subsequent section, we focus on the definition of OSN and highlight the main 
functionalities and major motives for using them. Section II.3 describes the structural 
characteristics of OSN while section II.4 briefly summarizes their genesis and 
development over time. Section II.5 is dedicated to the classification of the large 
number of existing OSN. After that general characterization of the phenomenon OSN, 
we provide a discussion of the impact and value of OSN from a business perspective in 
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section II.6 and point out major risks and challenges in section II.7. Finally, we 
conclude with a brief summary. 
II.2 Definition, Functionalities, and Usage of Online Social Networks 
Especially in social sciences, the collective desire to take part in a community has been 
a well-explored phenomenon for a long time (Bagozzi and Dholakia 2006). Already 
about 400 years before Christ, Aristotle described human beings as zoon politicon – a 
character with the fundamental need of searching and creating communities (Buhl 
2008). Therefore, the general idea of social networks is not really new. With the 
emergence of the World Wide Web (WWW) and the development of information 
technologies, however, social networks reached a new dimension. Thanks to 
numerous types of social software (cf. e.g., Boyd 2006), including blogs, user-
generated content sites, and countless virtual communities across the WWW, people 
started connecting and communicating online with one another (Bernoff and Li 2008). 
Along with these changes, formerly passive information users were becoming actors, 
creating the content of the WWW themselves (Gneiser et al. 2012). Aroused by this 
development, also known as the emergence of the Web 2.0 (O’Reilly 2005), 
particularly OSN have evolved into a new, mostly free of cost mass medium where 
users present themselves to a wide public. 
II.2.1 Definition of Online Social Networks 
OSN are a particular type of virtual community (Dwyer et al. 2007) and of social 
software (Richter et al. 2011). However, as it is common for rather new phenomena 
related to the Web 2.0, there is neither one generally accepted term nor one well-
established definition for OSN. There rather exist numerous similar terms such as 
social networking service, social networking site, or social network site. Table II-1 
provides some selected terms and corresponding definitions. 
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Table II-1. Selected terms and definitions with respect to online social networks 
Term Authors Definition 
Online Social 
Network 
Schneider et al.  
(2009, p. 35) 
“OSNs form online communities among people with 
common interests, activities, backgrounds, and/or 
friendships. Most OSNs are Web-based and allow 
users to upload profiles (text, images, and videos) and 
interact with others in numerous ways.” 
Social Networking 
Service 
Adamic and Adar 
(2005, p. 188) 
“Social networking services gather information on 
users’ social contacts, construct a large interconnected 
social network, and reveal to users how they are 
connected to others in the network.” 
Social Network  
Site 
Boyd and Ellison 
(2007, p. 211) 
“We define social network sites as web-based services 
that allow individuals to (1) construct a public or semi-
public profile within a bounded system, (2) articulate a 
list of other users with whom they share a connection, 
and (3) view and traverse their list of connections and 
those made by others within the system.” 
These different terms for OSN are often used synonymously, even though they do not 
share a common definition of the object under consideration. Boyd and Ellison (2007), 
for instance, point out that they deliberately did not choose the term social networking 
site since “[…] ’[n]etworking’ emphasizes relationship initiation, often between 
strangers. While networking is possible on these sites, it is not the primary practice on 
many of them […]” (Boyd and Ellison 2007, p. 211). Examples for such content-
oriented sites are YouTube, Twitter, or Flickr. Beer (2008) criticizes the definition of 
social network site provided by Boyd and Ellison (2007) as being too broad. Therefore, 
we define OSN according to Boyd and Ellison (2007) but focus on user-oriented sites. 
II.2.2 Functionalities of Online Social Networks 
While the culture that emerges around different OSN varies, the maintenance of 
individual contacts and most of the key technological features are fairly consistent 
(Boyd and Ellison 2007). The core of an OSN consists of personalized user profiles, 
which usually contain identifying information (e.g., name and photo), interests (e.g., 
subscribed interest groups), and personal contacts (e.g., list of connected users, so-
called “friends”). Users acquire new friends by searching offline as well as online 
friends or acquaintances within the OSN and by sending requests to be added as a 
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friend. The completeness of provided user data has been intensively researched under 
the label of (self-)disclosure (cf. e.g., Nosko et al. 2010). In this context, several studies 
found that users of OSN intensively share private information (cf. e.g., Gross and 
Acquisti 2005; Lampe et al. 2007). Therefore, OSN provide a basis for “[…] maintaining 
social relationships, for finding users with similar interests, and for locating content and 
knowledge that has been contributed or endorsed by other users” (Mislove et al. 
2007, p. 29). 
To enable communication among users, OSN usually offer common messaging 
functionalities such as private messages or chats. Besides, most user profiles in OSN 
incorporate a kind of message board (often called “wall”). When creating a message on 
his or her own or on another user’s message board, one can choose between a broad 
range of media types (e.g., status, link, photo, or app) in order to spread information 
the most adequate way (Yu et al. 2011). Moreover, users can comment on such 
messages. Comments are usually listed directly below the corresponding message in 
reverse chronological order. Within Facebook, for example, users can also endorse 
such wallposts by liking them and thereby pushing them in real time into the news 
feeds of their friends (Debatin et al. 2009). Besides, users can actively and virally 
spread wallposts among their friends via functionalities to “share” content with only a 
single click. In the context of Facebook it has been shown that 70% of all likes on 
wallposts happen within 4 hours and about 95% are received within 22 hours (Miller 
2011). These figures underline the fact that OSN constitute powerful communication 
platforms that allow for presenting oneself and exchanging information in an efficient 
and timely manner. 
II.2.3 Usage of Online Social Networks 
Existing literature intensively deals with the users’ motives for using OSN (cf. e.g., 
Dwyer et al. 2007; Hu and Kettinger 2008). While the majority of studies focus on the 
most popular and well-known OSN such as Facebook, it is important to keep in mind 
that a generalization of these findings for all possible kinds of OSN (cf. classification of 
OSN in section II.5) is hardly possible due to their different foci (Hargittai 2007). 
However, prior research suggests that particularly “identity management”, i.e., 
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constructing and maintaining a personal profile to present oneself to other users, is a 
major motive to use OSN (Kreps 2008; Lampe et al. 2007). Larsen (2007) found that 
especially “self-construction”, i.e., users providing information on their own profile and 
“co-construction”, i.e., others adding information about users (e.g., on their message 
board) play an important role. Thereby, some users try to create an ideal self that 
describes more how the person wants to be perceived (Zhao et al. 2008). In that 
context, Krasnova et al. (2008) identified the satisfaction of the needs for 
belongingness and esteem through self-presentation among others as main motives 
for using OSN. Prior work also indicates that having a lot of friends in one’s contact list 
itself can be a motive for using OSN (Donath and Boyd 2004). Vom Brocke et al. 
(2009) moreover identify “contact management”, i.e., maintaining personal contacts by 
means of OSN, as a major motive for using OSN. Thereby, they differentiate “social 
motives”, i.e., maintaining and searching for personal contacts, and “interest motives”, 
i.e., interest in a certain type of contacts. In this context, literature indicates that 
particularly the management and maintenance of existing contacts are major motives 
for using OSN (Raacke and Bonds-Raacke 2008). This is supported by earlier findings 
of Lampe et al. (2007), who distinguish the users’ motives “social searching”, i.e., 
learning more about contacts with whom they share an offline connection, and “social 
browsing”, i.e., finding new contacts online. Based on a survey with 1,440 freshmen 
students the study’s results indicate that the users of OSN such as Facebook are 
primarily motivated by social searching.  
To sum up, the underlying idea of OSN is that users can first act independently from 
each other and build an own virtual identity by setting up a user profile. Afterwards, the 
creation and use of already existing and new relationships to other users becomes the 
central motive for using OSN. Thus, users can create a personal network consisting of 
hundreds of direct and indirect connections to friends, acquaintances, colleagues, and 
other like-minded users. 
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II.3 Structural Characteristics of Online Social Networks 
The users and the structural characteristics of the network, i.e., the connections among 
the users (cf. Howard 2008; Oinas-Kukkonen et al. 2010), are key aspects of OSN. In 
general, structural characteristics have been extensively studied for instance to 
understand and explain human behavior in multiple social networks (cf. e.g., Shapiro 
and Varian 1999). In contrast to traditional social networks, which usually contain a 
small number of rather similar members, OSN and their structure are much more 
heterogenic as well as complex (Krasnova et al. 2010). For example, while in 
traditional social networks the number of close relationships is about 10 to 20 (Parks 
2007), an average user of Facebook counts 130 so-called “friends” (Facebook 2011). 
Taken together with new possibilities to collect data by technological means, the 
previously unimagined availability and size of social network data led to the emergence 
of a new research stream (Bonchi et al. 2011). 
In so-called “computational social science” (Lazer et al. 2009; Watts 2004), the 
structure invoked by the connections among users in OSN is mostly perceived as a set 
of nodes (users), and a set of directed or undirected edges (ties) connecting pairs of 
nodes (Adamic and Adar 2003; Bampo et al. 2008). These nodes and edges 
determining the network structure can be represented by a graph (Wasserman and 
Faust 1994). In most cases, the graph of OSN is based on the binary and rather static 
social links among users, i.e., friendship relationships, irrespective of these users’ 
actual interactions. This graph is usually called the social graph (Benevenuto et al. 
2009; Wilson et al. 2009). Its visualization especially highlights so-called hubs, i.e., 
users who have an exceedingly large number of social links to other users. Users who 
are in such a hub position are characterized by a great potential for communication and 
interaction within networks. However, not only the users’ social links, but also the 
users’ actual communication activity, i.e., the exchange of information for instance via 
messages or wallposts, is highly relevant. Prior research emphasizes the importance of 
users’ communication activity: “No matter what resources are available within a 
structure, without communication activity those resources will remain dormant, and no 
benefits will be provided for individuals” (Butler 2001, p. 350). Recent work in the 
context of OSN indicates that the value of OSN stems from the communication activity 
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between users (Willinger et al. 2009; Xu et al. 2008). Therefore, current studies also 
focus on the network that is based on users who actually interact rather than on users 
connected by mere social links. This network is usually called the activity network 
(Viswanath et al. 2009). While previous work on activity networks often examined 
instant messengers or telecommunication networks (e.g., Leskovec and Horvitz 2008; 
Onnela et al. 2007), there are some initial studies in the context of OSN as well (cf. 
e.g., Chun et al. 2008; Wilson et al. 2009). The graph resulting from such an activity 
network is usually referred to as the activity graph (Heidemann et al. 2010; Nazir et al. 
2008), whereby nodes represent users and directed or undirected edges (activity links) 
represent communication activity between pairs of users. 
In a basic activity graph of an OSN, all edges between nodes are the same, regardless 
of whether the corresponding users have a strong connection (i.e., interact frequently) 
or a weak connection (i.e., interact infrequently). However, literature highlights that 
there may be stronger and weaker connections between users (Gilbert and Karahalios 
2009; Kahanda and Neville 2009; Wen et al. 2009; Xiang et al. 2010). In general, 
strong connections (also called strong ties) between users are for instance more likely 
to be activated for information flow and more influential (Brown and Reingen 1987). In 
contrast, weak connections (weak ties) provide people with access to information and 
resources beyond those available in their social circle (Granovetter 1973; 1983) and 
bridge cliques of strong connections. In the context of OSN, Wen et al. (2009, p. 2) 
conclude that the strength of connections “[…] denotes an irresistible element for [...] 
advertising”. In order to distinguish between strong and weak connections, a few 
studies started to examine each connection’s communication activity level (cf. e.g., 
Chun et al. 2008; Heidemann et al. 2010; Kiss and Bichler 2008). Thus, a weighted 
activity graph considering the strength of activity links can be built (cf. e.g., Barrat et al. 
2004; Heidemann et al. 2010). 
Based on a single or multiple snapshots of the social graph, the activity graph, or the 
weighted activity graph, OSN can be analyzed in detail by applying Social Network 
Analysis (Bonchi et al. 2011). Thereby, many researchers have verified similarities 
between traditional social networks and OSN. For instance, usually social networks as 
well as the social and activity graphs of OSN are scale-free (Chun et al. 2008; Watts 
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and Strogatz 1998), i.e., follow power-law degree distributions. That is, in OSN many 
users have only few connections and some hubs create short cuts between users 
which otherwise would be far away from each other. Even though there might be gaps 
between users within large OSN, i.e., there are no direct links among all users, well-
connected users tie together sub-networks. A number of experiments, constructing 
paths through social networks to distant target individuals (cf. e.g., Dodds et al. 2003; 
Korte and Milgram 1970) and current studies (cf. e.g., Leskovec and Horvitz 2008) lend 
credence to the six degrees of separation hypothesis, i.e., that everyone is just a few 
steps apart in the global social network (Milgram 1967). This so-called “small world” 
effect is also typical for modern networks such as OSN (Schnettler 2009; Watts and 
Strogatz 1998; Wilson 2009). Hence, OSN allow users to draw on resources from 
others in the network and to leverage connections from multiple social and 
geographically dispersed contexts (Haythornthwaite 2002).  
In this regard, prior research emphasizes the importance of the size and the density of 
the network, as “[…] people are more likely to become active users, if they enter a 
dense […] network” (Howard 2008, p. 16). Furthermore, the whole network structure, 
i.e., direct and indirect connections, plays a decisive role. Findings by Kiss and Bichler 
(2008), for example, underline that a connection to a user with many social links is 
more valuable than to a user with only one or no further social link to other users. 
Benevenuto et al. (2009) showed that users do not only interact with directly connected 
users, but also have significant exposure to users “[…] that are 2 or more hops away 
[…]” (Benevenuto et al. 2009, p. 50). A user’s connectivity in the whole network 
constitutes a significant factor that may impact for instance advertising effectiveness in 
OSN (Wen et al. 2009). This is underpinned by further studies, which illustrate that 
well-connected users are particularly important for OSN, as they can be highly relevant 
for the promotion of brands, products, and viral marketing campaigns (Domingos and 
Richardson 2001; Staab et al. 2005; de Valck et al. 2009). Moreover, well-connected 
users tend to be more loyal, as for example every additional direct or indirect social link 
raises a user’s barrier to leave the network (Algesheimer and von Wangenheim 2006; 
Ridings and Wasko 2010; Xu et al. 2009). Therefore, quantifying the 
interconnectedness of users in OSN is of great interest in theory and practice.  
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Approaches for quantifying the interconnectedness of users can be found not only in 
Social Network Analysis but also in many other fields for instance in scientometrics for 
the ranking of scientific journals (e.g., Bollen et al. 2006). For the specific context of 
social networks, several measures have been suggested to identify influential and 
prestigious nodes (Bonacich 1972; 1987; Wasserman and Faust 1994). The three most 
common centrality measures to quantify the centrality of a certain node in social 
networks are presented in Freeman’s article “Centrality in Social Networks: Conceptual 
Clarification” (Freeman 1979): degree centrality, closeness centrality, and 
betweenness centrality. A fourth popular centrality measure, namely eigenvector 
centrality, is proposed by Bonacich (1972). The underlying primary eigenvector has 
been applied extensively to rank nodes in all types of networks. For instance, it has 
been used for the ranking of web pages (e.g., Brin and Page 1998) or to evaluate the 
influence of scientific journals (e.g., Bollen et al. 2006). These approaches 
acknowledge explicitly that not all connections are equal, as connections to nodes that 
are themselves influential are assumed to lend a node more influence than 
connections to less influential nodes (Newman 2003). Therefore, approaches such as 
PageRank have been used to identify particularly influential users in OSN (cf. e.g., 
Heidemann et al. 2010). 
To sum up, the structural characteristics in terms of social as well as activity links 
among users form the backbone of OSN. The visibility and searchability of the users’ 
social networks and the viral diffusion of information are distinctive features of OSN that 
allow the creation of “[…] substantial value for the individuals who participate in them, 
the organizations that sponsor them, and the larger society in multiple ways” (Agarwal 
et al. 2008, p. 243). 
II.4 Genesis and Development of Online Social Networks 
In the course of their development and because of their enormous usage and high 
potential, many OSNs have evolved over the last few years. While some became well 
established and are known around the world, also the rise and failure of some OSNs 
could be observed. In the following, we present one perspective on the genesis and 
development of the phenomenon OSNs and discuss major changes. 
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The Beginning of Online Social Networks: 1997 – 2002 
New York 1997: Andrew Weinreich founded the first remarkable OSN SixDegrees was 
named after the six degrees of separation concept. Only one year later, SixDegrees 
already attracted one million registered users (Bedell 1998). However, the OSN was 
not able to create a sustainable business model (Boyd and Ellison 2007). The main 
reasons that contributed to the failure of the OSN in 2000 were the poorly developed 
web technology as well as the fact that the advertising industry was not mature enough 
(Prall 2010). According to the founder of SixDegrees it “[…] was simply ahead of its 
time” (as cited in Boyd and Ellison 2007, p. 214). Despite its fall, SixDegrees marked 
the beginning of a new era. In the following years a couple of further OSN as for 
example AsianAvenue, Black-Planet, MiGente, or LiveJournal began to support 
combinations of various technical functionalities, for example creating profiles, lists of 
friends, or guest books. While these early networks focused primarily on private 
networking, in 2001, the first business network designed to link business professionals, 
Ryze, was founded by Adrian Scott in San Francisco. Indeed, Ryze served as a role 
model for the subsequent business networks (e.g., LinkedIn). However, Ryze never 
enjoyed great popularity (Boyd and Ellison 2007). In 2002, the well-known OSN 
Friendster launched as a competitor to the online dating platform Match (Boyd 2004). 
Friendster was created to set up friends-of-friends, based on the assumption that 
friends-of-friends are more likely to build romantic relationships than strangers would 
(Boyd and Heer 2006). Therefore, Friendster restricted the access to other users within 
four degrees distance (Boyd 2004). Until the beginning of 2004, Friendster had been 
the largest OSN. However, in the following years it lost many of its early users due to 
technical problems (e.g., the site was not able to handle the rapid growth) and social 
problems (e.g., users found themselves contacting their bosses and classmates) (Boyd 
and Ellison 2007). Although many of these early networks failed, they marked a new 
era and built the foundation for future OSN. 
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The Growth of Online Social Networks and the Rise to Popularity: 2003 – 2009 
A new wave of social networking began with the rise of MySpace in California in 2003. 
At the beginning, MySpace primarily focused on attracting frustrated Friendster users. 
Thus, MySpace was able to grow quickly. According to Jonathan Abrams, the founder 
of Friendster, “[…] the real reason that Friendster got supplanted by MySpace in the 
U.S. was that MySpace’s website just worked and Friendster’s didn’t” (as cited in Milan 
2009). Although MySpace did not start with a focus on bands in mind, one of the first 
user groups were musicians who appreciated this new possibility to present 
themselves to their fans (Boyd and Ellison 2007). The symbiotic band and fan 
relationship helped MySpace to attract particularly younger users beyond the 
Friendster network. From 2003 onwards, many new OSN were launched trying to 
replicate the early success of Friendster. The social software analyst Clay Shirky 
(2003) described this development with the term YASNS: “Yet Another Social 
Networking Service”. In that context, several new OSN launched focusing on niche 
demographics or special interests, explicitly seeking narrower audiences. Professional 
sites such as XING and LinkedIn were founded in order to gain access to a new group 
of users, i.e., business people. In contrast, elite sites like aSmallWorld, activity-
centered sites like Couchsurfing, or religion-focused sites like MyChurch tried to gain a 
competitive advantage by limiting their target groups (Boyd and Ellison 2007). Also one 
of the most popular OSN to date started to support niche demographics before 
expanding to a broader audience: Facebook was launched in early 2004 by Mark 
Zuckerberg and began as a Harvard-only OSN, while its mission today is “[…] to make 
the world more open and connected” (Facebook 2012). From 2005 onwards, Facebook 
was open for students from other schools and shortly after membership was possible 
for a broader audience as well. Mark Zuckerberg was definitely not the first person who 
built an OSN. However, he was one of the first with enormous and sustainable 
success. With the growth of Facebook as well as the success of OSN in countries all 
over the world – like StudiVZ in Germany, Hyves in the Netherlands, Renren in Asia, 
and Orkut in Brazil – more and more people paid attention to OSN. At the same time, 
with the growing number of users, OSN generated an increasing economic interest 
among investors. In 2005, for example, the media company News Corporation 
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acquired the OSN MySpace for US$ 580 million (BBC 2005). Two years later, 
Microsoft paid US$ 240 million for a 1.6% minority interest in the OSN Facebook 
(MSNBC 2007). In 2008, AOL acquired the OSN Bebo for US$ 850 million (BBC 2010). 
In other countries investors paid considerable amounts for acquiring OSN as well. 
These facts demonstrate that between 2003 and 2009, OSN evolved to a global 
phenomenon with an increasing social and economic impact.  
Online Social Networks – A Global Phenomenon: 2010 – Present 
With the beginning of 2010, the major share of the market was dominated by a handful 
of OSN (Richter et al. 2011). Facebook was the most popular platform available in 70 
languages with over 800 million users worldwide (Facebook 2012). However, besides 
the success of Facebook, there are several further OSN that launched from 2010 
onwards and concentrate either on niches to survive as a complement or rival to 
Facebook. Examples for such niche services are Audimated or Folksdirect – the latter 
promised to offer a privacy-focused environment (Richter et al. 2011). Similar to 
Folksdirect, Unthink started as an “anti-Facebook” social network in 2011, 
distinguishing itself from Facebook by focusing on the easy control of privacy (Perez 
2011). One of the biggest attempts to attack Facebook up to this time was the launch 
of Google+ in 2011. Google+ was founded to bring friends together, but in comparison 
to previous OSN, users could organize their contacts around “circles” that enable users 
to share specific information with particular user groups. The period from 2010 
onwards is characterized by the emergence of further OSN. Many existing OSN also 
face the challenge of how to build a sustainable business model by leveraging the 
potential of their fast-growing user base in order to remain financial viable. As a 
consequence, many OSN had to reassess their business models (Clemons 2009; Lu 
and Hsiao 2010). Friendster, for example, repositioned itself from an OSN to a social 
entertainment and gaming site with its strongest market in Asia in June 2011. Since 
then, the number of registered users has reached over 100 million. However, there are 
also examples of OSN that did not achieve a renaissance and declined. In 2010, for 
example, AOL sold the OSN Bebo for a sum probably less than US$ 10 million after 
just two years (BBC 2010). MySpace may serve as another famous example how 
quickly OSN can rise and fall. In 2011, News Corporation sold MySpace for US$ 35 
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million six years after acquiring the network for US$ 580 million (Vascellaro et al. 
2011). Nevertheless, there are successful examples how to cope with the challenge of 
building sustainable business models. Facebook, for example, generated US$ 3.7 
billion in revenues in 2011 and is therefore the most successful OSN to this time. To 
sum up, nowadays OSN are no longer a niche phenomenon for young people. It is a 
global phenomenon with a still increasing economic and social impact that reaches all 
demographic groups all over the world. A timeline of the market appearances of 
selected OSN between 1997 and 2011 is shown in in Figure II-1. 
 
Figure II-1. A timeline of the foundation of selected online social networks from 1997 – 2011 
II.5 Classification of Online Social Networks 
The genesis and development of OSN illustrate that OSN exist for many target groups 
and fields of interest. They can be particularly distinguished according to their primary 
range of usage between “private networks” (e.g., Facebook, MySpace) and “business 
networks” (e.g., LinkedIn, Xing) (cf. Mesch and Talmud 2006). Since OSN were 
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originally designed for private use (Bughin and Manyika 2007), it is not surprising that 
private networks such as Facebook are among the most popular and well-known OSN 
in the world (Thadani and Cheung 2011). In contrast to private networks, business 
networks “[…] specialise in maintaining professional contacts and searching for new 
jobs” (Bonneau and Preibusch 2010, p. 125). Besides the usual information provided in 
OSN, business networks usually also incorporate a curriculum vitae (e.g., current 
position, job title). Furthermore, many business networks include additional details in 
user profiles, such as registration date or an index indicating a user’s activity within the 
business network (cf. Strufe 2010). 
Another criterion for categorization is restriction of focus: There are “general networks”, 
without any particular focus (e.g., Facebook), as well as “special interest networks“, 
with specific focuses (e.g., Bottletalk). Drawing on Boyd and Ellison (2007) as well as 
Leimeister et al. (2004), such special interest networks could be defined as technical 
online platforms that have a particular focus and aim at specific target groups of users 
who interact socially. In line with OSN in general, these platforms allow users to 
construct public or semi-public profiles and to articulate lists of other users with whom 
they share a connection. Special interest networks, however, are aligned to the 
particular focus and particularly enable and support the users’ interactions that help to 
build trust and a common feeling among its users. Due to their relatively narrow focus, 
special interest networks are similar to so-called “communities of interest”, where 
individuals interact with one another on specific topics (Armstrong and Hagel III 1996). 
Thereby, communities of interest are solely organized around interests. Special interest 
networks, however, are also organized around their users (Boyd and Ellison 2007). 
Thus, in contrast to communities of interest, where users do not share intensely 
personal information (Armstrong and Hagel III 1996), i.e., not much attention is paid to 
socializing; special interest networks provide functionalities for finding and maintaining 
social contacts. Prior work indicates a high potential for special interest networks, 
particularly regarding the chance to successfully establish supplementary offerings in 
addition to general networks such as Facebook (cf. e.g., Richter et al. 2011). This is 
underlined by Chris Anderson, Editor-in-Chief of the magazine Wired, who said that 
“[w]e don’t need another giant social-network site. The world needs an infinite number 
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of micro social networks about specific issues” (as cited in Costa 2008). Altogether, 
OSN can be differentiated between “private”, “business”, “general”, and “special 
interest” as highlighted in Figure II-2. 
 
Figure II-2. Classification of online social networks (in accordance to Heidemann et al. 2011, p. 104) 
II.6 Potential Business Value of Online Social Networks along the 
Value Chain 
The increasing importance of OSN also has an impact on companies. Industry experts 
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context (Kettles and David 2008). Therefore, major questions from today’s view are: (1) 
what are potential business benefits of OSN from a company’s perspective? (2) In 
which business functions may OSN effectively be used? In the following, we present 
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First, OSN can be leveraged in the context of research and development. Users of 
OSN may develop and design products and services, discuss new innovative ideas, 
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share information, look for social support, and collaborate on generating innovative 
ideas (e.g., Kozinets et al. 2008). This open innovation approach follows the statement 
of Bill Joy (co-founder of Sun Microsystems), that “No matter who you are, most of the 
smartest people work for someone else” (as cited in Haller et al. 2011, p. 103). 
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Integrating customers as innovators into the product development process allows 
companies to receive valuable insights about their customers’ needs and to unleash 
their creativity and potential for innovation resulting in reduced costs for product 
development (Kettles and David 2008). There are a lot of successful practical 
examples on how companies used the “crowd” in OSN for social product development: 
The automotive company Fiat received over 170.000 design concepts for free by 
integrating customers into the development process of the model Fiat 500. Lego took 
advantage of the worldwide creativity of its Lego factory community (which was 
accessed over a million times) by calling for new Lego design models that were 
evaluated and commented upon by other users (Heidemann 2010). Due to the volume 
of available data in news feeds, groups, etc., OSN can be leveraged for market 
research as well. Casteleyn et al. (2009), for example, highlight that data in OSN can 
be seen as a “crystal ball” for future consumer intentions and showed how Facebook 
can be used for market research. 
Second, academic studies pay considerable attention to the role of OSN in the context 
of marketing and sales (Cheung and Lee 2010; Trusov et al. 2009). In this area OSN 
can be leveraged for various business activities such as conducting marketing 
campaigns and word-of-mouth marketing (cf. e.g., Algesheimer and von Wangenheim 
2006; Bernoff and Li 2008; Brown et al. 2007) or targeted advertising (cf. e.g., Enders 
et al. 2008). Bernoff and Li (2008), for example, illustrate how OSN can be used as a 
new channel for effective and efficient marketing campaigns using the case of 
Chevrolet. The major idea behind this is to benefit from the fact that people talk to their 
friends (word-of-mouth marketing) and in doing so may mobilize thousands of users 
who become aware of a company’s product or service. In the context of viral marketing 
campaigns, research recommends taking into account the social structure of an OSN 
to optimize the campaign performance (Bampo et al. 2008). Prior literature shows that 
customers tend to trust more in recommendations by other customers than in 
marketing messages originated by companies (Ermecke et al. 2009). Thus, it is 
promising to attract the interest of (satisfied) customers and facilitate positive word-of-
mouth in order to generate business value (Bernoff and Li 2008). This change 
demonstrates a fundamental shift in marketing from sales marketing via relationship 
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marketing to social network marketing (Hill et. al. 2006). In that context, Algesheimer 
and von Wangenheim (2006) state that the more central a customer is positioned 
within the network, the higher is his or her customer network lifetime value for a 
company. Against this background, identifying influential users with respect to 
connectivity and activity in OSN (cf. section II.3) is an important mean to enable 
successful social network marketing. Moreover, OSN show great potential towards 
targeted advertising purposes, especially against the background that traditional 
advertising is increasingly losing its impact (Clemons 2009; Enders et al. 2011). 
Another emerging area for the application of OSN is social Customer Relationship 
Management (CRM). The addition “social” to CRM includes for example trend-analysis 
for future business opportunities as well as reputation monitoring (Bonchi et al. 2011). 
Faase et al. (2011), for instance, found based on empirical research that social CRM 
allows generation of substantial business value. Finally, more and more companies are 
using OSN as a new sales channel – some experts call it “F-commerce”. In December 
2010, for instance, the company JC Penney launched a full e-commerce store within its 
Facebook page. 
Furthermore, many companies leverage OSN to yield specific benefits in the field of 
Customer Service. According to Libai et al. (2010) companies are using OSN as a 
service channel to reduce service support costs as a result of customer-to-customer 
interactions and to receive valuable real-time customer feedback. The German 
telecommunication provider Telekom, for example, established Facebook (“Telekom-
hilft”) as a new channel which is almost entirely dedicated to providing customer 
service (not only from Telekom-to-customer but also from customer-to-customer). 
Besides, Bonchi et al. (2011) point out that with an internal social network in place, 
customer calls and emails can be routed more effectively to experts. 
In the field of human resources, OSN are gaining increasing importance as well. Initial 
studies underline the potential of using OSN to recruit business professionals (c.f. e.g., 
Bonchi et al. 2011). Users typically reveal a large amount of private information about 
themselves in OSN (Stutzmann 2006) which can be helpful in recruiting new expertise. 
In this context, OSN that address a professional audience, such as LinkedIn or XING, 
can be viewed as marketplaces for the exchange of skills (Richter et al. 2011). Besides 
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the purpose of identifying and contacting potential employees (cf. e.g., Bonneau and 
Preibusch 2010), companies have also started to use OSN to support the selection 
process and to make hiring decisions. Kluemper and Rosen (2008), for example, 
showed that recruiters are able to accurately distinguish high from low performers 
solely based on viewing their OSN profiles. Beyond recruiting, companies can leverage 
OSN to develop their employer branding (Girard and Fallery 2009). Companies, such 
as BMW or Bertelsmann, for example, have their own career fan pages on Facebook. 
Furthermore, IBM has started a XING-group “The greater IBM connection” in 2006 
which currently counts more than 13,000 users and aims at connecting employees and 
Alumni. 
Finally, complementary to the external use of public OSN, companies increasingly 
engage in setting up OSN for internal applications to support networking among their 
employees. As knowledge workers in organizations collaborate more and more as 
virtual teams in distributed setups (Breu and Hemingway 2004), internal OSN offer 
attractive means to create social structures and can serve as channel for information 
transfer between individuals. Di Micco and Millen (2007), for example, showed that 
internal OSN can help employees to identify topics of common interest and create a 
basis for communication between distant workers. Other studies emphasized that 
internal OSN open up new possibilities for skill-based staffing of knowledge intensive 
projects (Richter et al. 2011). In this context, “IBM blue pages” may serve as a 
prominent example. Agarwal et al. (2008, p. 244) even point out that leading 
companies are using the power of OSN to transform their internal organizations from 
“[…] command-and-control to connect-and-coordinate”. Thereby, the value of internal 
OSNs is “[…] determined not by the tools but by how tools are harnessed for value 
creation” (Majchrzak et al. 2009, p. 103). 
To sum up, for companies there are promising fields of application of OSN along the 
whole value chain. The use of OSN may be beneficial in multiple ways, including 
generating innovation, providing social support, enhancing knowledge, or boosting 
sales by marketing campaigns (cf. Table II-2). Given, for instance, the huge amount of 
data provided in OSN and the fast diffusion of information enabled by OSN, their 
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effective usage can lead to lower costs (e.g., Bonchi et al. 2011) and increased 
revenues (e.g., Demailly and Silman 2008). 
Table II-2. Exemplary areas of application of online social networks 
Business area Selected activities Exemplary references 
1. Research and 
development 
Product development Bernoff and Li (2008); Casteleyn et al. 
(2009); Heidemann (2010); Kettles and 
David (2008); Kozinets et al. (2008) 
Market research  
2. Marketing and Sales Marketing campaigns  Algesheimer and von Wangenheim 
(2006); Bampo et al. (2008); Bernoff and 
Li (2008); Bonchi et al. (2011); Brown et 
al. (2007); Enders et al. (2008); Ermecke 
et al. (2009); Faase et al. (2011); 
Heidemann et al. (2010); Trusov et al. 
(2009); Xu et al. (2009) 
Word-of-mouth marketing 
Targeted advertising 
Social CRM 
3. Customer Service Customer support Bonchi et al. (2011); Libai et al. (2010) 
After sales support 
4. Human Resources Recruiting  Girard and Fallery (2009); Kluemper and 
Rosen (2008); Richter et al. (2011)  Employer branding 
5. Internal applications Expert search DiMicco and Millen (2007); Majchrzak et 
al. (2009); Richter et al. (2011) Collaboration in virtual teams 
Knowledge management 
II.7 Challenges and Risks of Online Social Networks 
On the one hand, OSN promise numerous business potentials for companies (cf. 
section II.6). On the other hand, the usage of OSN in the business context may go 
along with several challenges and risks as well. In the following, we will provide an 
overview and illustrative examples of selected challenges and risks companies are 
confronted with. 
One major challenge for companies is to understand within which business functions 
and for which activities OSN can be leveraged reasonably. Looking at the press 
coverage, it seems that OSN are often seen as an “all-purpose tool”. Clemons (2009), 
for instance, pointed out that companies, marketing agencies, and media giants believe 
that OSN solve their problems by simply using them as a new channel. However, as a 
first step, companies have to deeply analyze which goals they pursue by using OSN. 
They need to understand in which business functions OSN can be used in order to 
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create business value. This is all the more important as the usage of OSN causes 
costs; for instance often a handful of people is needed as support staff as in the case 
of “Telekom-hilft” (cf. section II.6). Thereby, it is also important to note that the 
successful use of OSN requires the right skills of employees and a good management 
of the operational execution. Possible consequences of the mismanagement of a 
company’s OSN activities can be illustrated using the example of the German railway 
company Deutsche Bahn: In 2010, Deutsche Bahn launched the sales campaign 
“Chefticket” – a cheap railway ticket that was sold via the company’s Facebook fan 
page. At the beginning, the campaign attracted thousands of customers. But within a 
short time, the Facebook fan page developed into a melting pot for customer criticism. 
Deutsche Bahn was overstrained with the flood of user-generated negative comments. 
Instead of responding to the users’ feedback the company ignored the users and their 
complaints. Experts blame Deutsche Bahn for this behavior and the missing 
communication strategy that put many customers off. 
Another major challenge for companies is the loss of control in the context of OSN. The 
organizational transformation from “[…] command-and-control to connect-and-
coordinate” (Agarwal et al. 2008, p. 244) itself opens the door to several risks. This is a 
result of the fact that many companies are not prepared for such a cultural change. 
Thereby, the loss of control can lead, for instance, to reputation risks and unexpected 
results. In 2010, for example, Greenpeace conducted a campaign against the 
chocolate bar “KitKat” of the Swiss food company Nestlé. Thereby, Greenpeace used 
the chocolate bar’s Facebook fan page to convince the fan community that Nestlé is 
responsible for the death of monkeys in the primeval forest. Within a short time, 
independently of the truth of the story, the campaign succeeded and a large part of the 
fan community turned against Nestlé. The protest against UEFA sponsor Adidas on its 
Facebook fan page in 2011 may serve as another example. Adidas fans protested 
against killing of stray dogs in the Ukraine before the upcoming soccer championship. 
The protests forced the sponsor of the event Adidas to cooperate with the Ukrainian 
government to pass a new legislation that averts the killing. This example underlines 
the importance of quickly detecting and responding to externally enforced negative 
word-of-mouth in OSN. 
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Another critical aspect of OSN refers to the privacy risks they involve (Krasnova et al. 
2009). Indeed, data privacy and security concerns are a challenge for companies as 
well. According to a study of Fraunhofer, many of the most popular OSN (e.g., 
Facebook, LinkedIn) have enormous data privacy problems (Galdy 2008). Gross and 
Acquisti (2005), for example, showed that based on the personal information users 
provide online, they expose themselves to various physical and cyber risks. The same 
holds true for companies if employees participate in OSN. As a consequence, many 
companies restrict the usage of OSN as they are afraid that confidential information 
may be disclosed via OSN. Another issue in the context of data privacy concerns the 
ownership of data provided within OSN. Many OSN providers are convinced that fan 
pages and the data provided there are solely under the responsibility of the OSN. 
Therefore, for example a German Data Protection Authority recommended that 
institutions shut down Facebook fan pages and remove “like” buttons from their 
websites (ULD 2011). Moreover, companies can become victims of “fake profiles” in 
OSN. Such fake profiles can for instance lead to enormous negative implications such 
as spam or negative publicity. Thus, aroused by the enormous digital availability of 
personal information about users (e.g., profiles, photos, friend list) and the 
accompanying potential risks, most of the research in this field concentrates on the 
development of techniques for privacy protection (Pallis et al. 2011). 
Finally, OSN provide a huge data base for knowledge discovery, for example with 
regard to customer habits, churn prediction, or new product trends. However, there is a 
lack of knowledge about the use of these enormous amounts of data for potential 
business applications. While there is a lot of research regarding different problems and 
methods for Social Network Analysis, “[…] there is a gap between the techniques 
developed by the research community and their deployment in real world applications” 
(Bonchi et al. 2011, p. 1). Thus, even though there are pioneers, for example in the 
telecommunication industry using Social Network Analysis to gain customer insights 
(cf. e.g., Kiss and Bichler 2008), most companies still face the challenge of how to 
discover knowledge from OSN and how to use Social Network Analysis and mining 
techniques. Another related challenge is the question of how to measure and quantify 
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the actual business benefit of OSN. Fisher (2009, p. 189), for example, points out that 
the return on investment (ROI) has become the “[…] Holy Grail of social media”. 
To sum up, in the context of OSN there are still numerous challenges and risks 
companies are confronted with. The aspects mentioned above may serve as illustrative 
examples. Overall, it is most important to be aware of these challenges and risks and 
to account for a company’s specific situation, know-how, resources, and culture when 
deriving a stringent and goal-oriented OSN strategy. These challenges and risks, 
however, should not discourage companies from exploring and leveraging OSN step 
by step. 
II.8 Conclusion 
The goal of this article was to provide an overview of OSN. In literature different terms 
are used to describe this current phenomenon. We defined OSN according to Boyd 
and Ellison (2007) (who use the term Social Network Site) but focus on user-oriented 
sites that are mainly used for networking purposes. Afterwards, we introduced the main 
functionalities that enable users to set up a personal profile and to extensively 
communicate with each other. These functionalities particularly support identity and 
contact management, which have been identified as users’ major motives for using 
OSN. Subsequently, we discussed the structural characteristics that form the backbone 
of OSN. In this context, we briefly introduced concepts and findings related to the 
application of Social Network Analysis to the graphs that can either represent users’ 
friendship relationships or users’ actual communication activity within the network. 
Having introduced the basic characteristics, we shed light on the genesis and the 
emergence of OSN over time. Besides the history of OSN, the large number of existing 
OSN aiming at different target groups and topics became apparent. Therefore, we also 
provided a classification of OSN differentiating between a rather private or business-
oriented usage and a rather general or specialized focus. Finally, we investigated the 
impact and value of OSN for companies by outlining possible fields of application along 
the value chain. Moreover, we critically discussed major challenges and risks 
companies are confronted with in the context of OSN. 
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Taken together, we highlighted the – from our point of view – most relevant information 
and sufficient references to follow up on any of the above mentioned topics. However, 
OSN constitute a very large, interdisciplinary area of research that is rather young but 
tremendously fast evolving. Therefore, our analysis is by no means complete. 
Furthermore, as mentioned above, we solely focused on user-oriented sites. Research 
on content-oriented sites such as YouTube or Flickr has consequently been omitted. 
Future work could on the one hand widen the scope by addressing further aspects of 
OSN and on the other hand focus on going deeper into specific subareas. 
Nevertheless, we hope that our article can contribute to a better understanding of the 
current phenomenon of OSN and provide starting points for future research. 
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For the references cited in this introduction to chapter III please see the list of references provided within chapter I. 
III Influential Users in Online Social Networks 
In this chapter, influential users and approaches for their identification in OSN are 
researched in detail. As outlined in chapter I and chapter II, the connected customer 
can exercise considerable influence on other existing or potential customers, 
particularly in the business areas marketing and sales. By promoting brands, endorsing 
the purchase of products and services, or by advising against them, even the value of 
firms can be increased or decreased (Hogan et al. 2003, p. 196; Nitzan and Libai 2011, 
p. 24 f.; Weinberg and Berger 2011, p. 328). Therefore, the three research papers 
presented in the following intend to contribute to a better understanding of the influence 
of customer-to-customer interactions in OSN and to develop approaches that actually 
allow for identifying the most influential users in OSN, who can be targeted to initiate 
and control the diffusion process of user-generated content, such as electronic word-
of-mouth (Bonchi et al. 2011, p. 21; Hinz et al. 2011, p. 55; Libai et al. 2010, p. 271). 
The first research paper within this chapter entitled “Who will lead and who will follow: 
Identifying Influential Users in Online Social Networks - A Critical Review and Future 
Research Directions” (section III.1) presents an overview of fundamental research on 
social influence, influential people, and their identification in social networks before the 
rise of OSN. On that basis, the current state of the art on the identification of influential 
users in OSN is analyzed and synthesized. Finally, a research agenda is postulated. 
In the second research paper presented in this chapter named “Identifying Key Users 
in Online Social Networks: A PageRank Based Approach” (section III.2) a novel 
approach bringing together concepts and findings from research on users’ connectivity 
and communication activity is developed. With users’ retention as evaluation criterion, 
the approach is evaluated regarding its applicability and practical utility by using a 
publicly available dataset of Facebook. 
Finally, the third research paper included in this chapter called “Predicting Users’ 
Future Level of Communication Activity in Online Social Networks: A First Step towards 
More Advertising Effectiveness” (section III.3) focuses on forecasting users’ 
communication activity. 
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Business & Information Systems Engineering (BISE) 
Abstract: 
Along with the explosive growth of the phenomenon Online Social Networks (OSN), 
identifying influential users in OSN received a great deal of attention in recent years. 
However, the development of practical approaches for the identification of influential 
users is still in its infancy and researchers face numerous challenges. By means of a 
structured literature review, we analyze and synthesize the growing number of 
publications particularly from two perspectives. From a research perspective, we find 
that existing approaches mostly build on users’ connectivity and activity but hardly 
consider further characteristics. Moreover, we outline two major research streams. It 
becomes apparent that most marketing-oriented articles draw on real-world datasets of 
OSN, while rather technical-oriented papers have a more theoretical approach and 
mostly evaluate their artifacts by formal proofs. We find that an even stronger 
collaboration between the scientific Business & Information Systems Engineering 
(BISE) and Marketing community than observed today could be mutually beneficial. 
With respect to a practitioner’s perspective, we compile advice on the practical 
application of approaches for the identification of influential users. It is hoped that the 
results can stimulate and guide future research. 
Research Paper 2: “Who will lead and who will follow: Identifying Influential 
III.1  Users in Online Social Networks - A Critical Review and Future Research Directions” III.1-2 
 
 
III.1.1 Introduction 
For decades, marketers have been intensively investigating the effects driving the 
diffusion and adoption of new products and services. In this context, major 
developments could be observed over the last couple of years: First, the impact of 
traditional marketing techniques has been constantly decreasing (Clemons 
2009, p. 48 f.; Hinz et al. 2011, p. 55; Trusov et al. 2009, p. 90). Second, consumers 
increasingly trust in recommendations of other consumers, acquaintances, and friends 
(Chen and Xie 2008; Iyengar et al. 2011b; Narayan et al. 2011; Schmitt et al. 2011). 
Third, it recently has become widely accepted that social influence actually affects the 
diffusion process and that there are influential people who have disproportionate 
influence on others (Godes and Mayzlin 2009; Goldenberg et al. 2009; Hinz et al. 
2013; Iyengar et al. 2011a). Such social influence can be defined as “[…] change in the 
belief, attitude, or behavior of a person […], which results from the action, or presence, 
of another person […]” (Erchul and Raven 1997, p. 138), usually denoted as influencer. 
To respond to these developments and to leverage the effect of social influence on 
product adoption, companies increasingly try to actively initiate and control the diffusion 
process by targeting the most influential people in a social network (Bonchi et al. 
2011, p. 21; Hinz et al. 2011, p. 55; Libai et al. 2010, p. 271). Thus, with small 
marketing costs a very large part of the network should be reached. However, among 
others, one key prerequisite needs to be fulfilled: Companies need to be able to identify 
and target the “right” initial set of influential people (Hinz et al. 2011, p. 55 f.; Iyengar et 
al. 2011b, p. 195). 
Traditionally, self-designation, that is, people report their own influence in surveys (cf. 
Rogers and Cartano 1962), has been popular to identify influential people. More 
sophisticated sociometric techniques, that is, using network data on social connections, 
could only scarcely be used at a larger scale, as datasets have often been too small 
(Corey 1971, p. 52; Watts 2004, p. 5). However, due to the rise of modern 
communication networks and the Internet, the usage of network data for the 
identification of influential people gained increasing popularity in research and practice 
(cf. e.g., Bampo et al. 2008; Hill et al. 2006; Hinz et al. 2011; Nitzan and Libai 2011). 
Especially along with the explosive growth of the phenomenon of Online Social 
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Networks (OSN) to currently more than one billion active users and 140 billion 
friendship connections as of October 2012 solely on Facebook (Facebook 2012), 
identifying influential users in OSN is receiving a great deal of attention in recent years 
(Bonchi et al. 2011, p. 21; Hinz et al. 2013; Katona et al. 2011, p. 426). Besides mere 
social connections, which for instance could be observed in telecommunication 
networks as well, OSN allow for analyzing the diffusion process taking into account 
additional information such as detailed demographic data, personal interests, the level 
of activity with respect to different technical features of OSN (e.g., comments, likes), 
and partly even the content and sentiment of communication (e.g., in public wallposts). 
Moreover, users thereby usually reveal more information than in an offline context, as 
online communications tend to be more uninhibited, creative, and blunt (Wellman et al. 
1996, p. 213). Thus, OSN provide a unique and vast amount of user data that was not 
available before and can now be leveraged for marketing purposes (Bonchi et al. 
2011, p. 2; Katona et al. 2011, p. 425 f.; Subramani and Rajagopalan 2003, p. 301). 
However, the development of practical approaches for the identification of influential 
users in OSN is still in its infancy (Richter et al. 2011, p. 98) and researchers face 
numerous challenges: First, the processing of previously unknown large amounts of 
data and the consequently required scalability of existing approaches for the 
identification of influential people are not trivial (cf. e.g., Watts 2004). Second, several 
sources of bias might confound the identification of influential users (cf. section 
III.1.2.1). Third, findings from research on viral marketing and the identification of 
influential users in an offline environment or from the “old Internet” may not be 
transferred to the context of OSN without critical reflection (cf. e.g., Brown et al. 2007; 
Eccleston and Griseri 2008, p. 608; Susarla et al. 2012). Therefore, further research is 
needed in order to overcome these challenges and to achieve a better understanding 
in research and practice. 
What can a critical literature review contribute? We believe that the growing number of 
publications on the identification of influential users in OSN needs to be analyzed and 
synthesized to assess the applied methods, knowledge, and theories (Scandura and 
Williams 2000) as well as to identify research gaps that can be addressed in future 
research (Webster and Watson 2002). For our following analysis, we define OSN as 
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“[…] web-based services that allow individuals to (1) construct a public or semi-public 
profile within a bounded system, (2) articulate a list of other users with whom they 
share a connection, and (3) view and traverse their list of connections and those made 
by others within the system” (Boyd and Ellison 2007, p. 211) but focus on user-oriented 
sites (Pallis et al. 2011), “[…] where, to a certain extent, networking is the main 
preoccupation” (Beer 2008, p. 518). Thus, we do not incorporate research on content-
oriented sites such as YouTube, Twitter, or Flickr (Pallis et al. 2011) that exhibit some 
features of OSN but rather are microblogging sites or content communities with 
different characteristics than OSN (Richter et al. 2011, p. 90; Smith et al. 2012, p. 103). 
Based on this definition, we aim at informing two particular perspectives (cf. 
Poeppelbuss et al. 2011, p. 506): a research perspective that relates to the theoretical 
and methodological aspects and a practitioner’s perspective that covers issues 
relevant to users of the approaches. 
The remainder of this paper is organized as follows: In the next section, we provide an 
overview on important foundations from the context of social influence as well as the 
identification of influential people in social networks and delineate three research 
questions: (1) How are influential users characterized in the context of OSN? (2) Which 
approaches have been developed and applied for the identification of influential users 
in OSN? (3) How have these approaches been evaluated and which implications have 
been derived? In section III.1.3, we outline the procedure of our structured literature 
search. In the subsequent section III.1.4, we present our findings regarding the three 
research questions and critically discuss the identified articles from a research 
perspective. By highlighting nine implications of our literature review, we point out 
future research directions in section III.1.5. Thereby, also an audience from practice, 
who adopt approaches for the identification of influential users, can benefit. Finally, in 
section III.1.6 we draw an overall conclusion and explicate limitations. 
III.1.2 Foundations and Research Questions 
As previously mentioned, marketers aim at targeting the most influential people in 
social networks in order to initiate a diffusion process that allows for reaching a large 
part of a network with small marketing cost (Bonchi et al. 2011, p. 21). To do so, three 
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key assumptions need to be fulfilled (Iyengar et al. 2011b, p. 195): (1) social influence 
needs to be at work, (2) there actually need to be influential people in the social 
network who have disproportionate influence on others, and (3) companies need to be 
able to identify and target these influential people. With respect to these three 
assumptions, we briefly review relevant literature from economics, marketing, and 
sociology beyond the context of OSN that constitutes the foundation for research on 
the identification of influential users in OSN. Thereby, we also derive our research 
questions that are addressed in the subsequent structured literature review. 
III.1.2.1 Social Influence in the diffusion process 
After Moreno (1934) coined the term “sociometry” when formalizing social 
relationships, Rapoport (cf. e.g., Rapoport 1952; 1953; Rapoport and Rebhun 1952) 
was one of the first who applied “[…] sociometric ideas to large-scale social systems 
[…]” and “[…] elaborated on the formal implications […]” in the context of predictive 
epidemiological models of contagion (Scott 2000, p. 15 f.). Similar ideas have been 
used to understand the diffusion of innovations (cf. e.g., Rogers 1962), such as 
technical innovations in an agricultural context (Beal and Bohlen 1955; 1957; Ryan and 
Gross 1943), or new drugs in physicians’ networks (Coleman et al. 1966). While these 
studies implied that diffusion was driven by communication (cf. also Valente 1995; 
Valente and Rogers 1995), others found contradicting results showing that diffusion 
was rather a result of imitation (Mansfield 1961) or comparison (Burt 1987). Strang and 
Tuma (1993) even found traces for both, communication and comparison effects. In the 
field of marketing, Arndt (1967) studied product-related word-of-mouth with respect to 
the diffusion of information, which led to ground-breaking product growth models (cf. 
e.g., Bass 1969; Mahajan and Muller 1979). Hereby, diffusion has traditionally been 
perceived again only as theory of interpersonal communication (Peres et al. 
2010, p. 92). Besides this interpersonal communication, some more recent studies 
suggest incorporating additional potential sources of influence on the diffusion process 
(e.g., Goldenberg et al. 2010; Van den Bulte and Lilien 2001). Peres et al. (2010, p. 92) 
consequently state that influence should “[…] include all of the interdependencies 
among consumers that affect various market players with or without their explicit 
knowledge”. In this context, it generally needs to be distinguished between social 
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influence and heterogeneity as driving forces of diffusion (Peres et al. 2010, p. 92 f.; 
Van den Bulte and Stremersch 2004).  
In line with French and Raven (1959), who developed one of the most recognized 
frameworks in the area of social and interpersonal power (Mintzberg 1983), social 
influence can be defined as “[…] change in the belief, attitude, or behavior of a person 
[…], which results from the action, or presence, of another person […]” (Erchul and 
Raven 1997, p. 138). Such social influence can be induced by all kinds of consumer 
interactions like traditional one-to-one word-of-mouth, the observation of others, or 
one-to-many communication as in the case of OSN (Godes et al. 2005, p. 416; Nitzan 
and Libai 2011, p. 25). In literature, the process of social influence is also often referred 
to as social contagion (e.g., Hinz et al. 2013; Iyengar et al. 2011b; Van den Bulte and 
Stremersch 2004). Van den Bulte and Wuyts (2007) distinguish five reasons for social 
contagion (cf. also Van den Bulte and Lilien 2001), with the first two being especially 
relevant for viral marketing (Hinz et al. 2011, p. 59). First, awareness and interest for a 
product or innovation might be induced by information transferred for instance by word-
of-mouth (cf. e.g., Katz and Lazarsfeld 1955). Second, social learning about benefits, 
costs, and risks of products, services, or innovations might allow reducing search 
efforts and uncertainty (cf. e.g., Iyengar et al. 2011a). Third, normative pressures might 
lead to discomfort when not adopting a new product or innovation, that is, people feel 
the need to conform to the expectations of their peer group as they wish to fit in (cf. 
e.g., Asch 1951; Deutsch and Gerard 1955). Fourth, not adopting a product or 
innovation might even lead to status or competitive disadvantages. In literature, the first 
three reasons are also referred to as cohesion and the fourth as structural equivalence 
(Burt 1987). In this context, a recent study by Hinz et al. (2013) indicates that structural 
equivalence drives adoption more than cohesion. Fifth, network externalities might 
drive social contagion due to an increasing utility that originates from the consumption 
of a good when the number of other people consuming this good grows (cf. e.g., 
Granovetter 1978; Katz and Shapiro 1994). 
In contrast, research under the heterogeneity hypotheses claims that diffusion rather 
depends on heterogeneous consumer characteristics such as innovativeness, price 
sensitivity, or needs that influence the probability and time of adoption (Peres et al. 
Research Paper 2: “Who will lead and who will follow: Identifying Influential 
III.1  Users in Online Social Networks - A Critical Review and Future Research Directions” III.1-7 
 
 
2010, p. 92). Since common diffusion models (e.g., Bass 1969) often assume a fully 
connected and homogenous social network or omit marketing efforts (e.g., Coleman et 
al. 1966), doubts have been rising whether social influence has been overestimated 
(Van den Bulte and Lilien 2001; Van den Bulte and Stremersch 2004). Further studies 
show that the role of social influence may also have been confounded due to several 
potential sources of bias (cf. e.g., Aral and Walker 2012; Garg et al. 2011; Hartmann et 
al. 2008), such as simultaneity (i.e., the tendency for connected users to be exposed to 
the same external stimuli) (Godes and Mayzlin 2004), homophily and endogenous 
group formation (i.e., the tendency to choose friends and to form social groups with 
similar tastes and preferences) (Aral et al. 2009; Hartmann 2008; McPherson et al. 
2001; Nair et al. 2010), or other contextual and correlated effects (Manski 1993; 
Manski 2000; Moffitt 2001). Therefore, recent studies have been controlling for 
heterogeneity and other potential sources of bias (cf. e.g., Garg et al. 2011; Hinz et al. 
2013; Nair et al. 2010; Susarla et al. 2012), for instance by conducting large-scale 
randomized experiments in real-world settings (cf. e.g., Aral and Walker 2012). Other 
studies have been decomposing the adoption process in its different phases (e.g., 
awareness and evaluation phase, adoption phase) while incorporating marketing 
efforts (Manchanda et al. 2008; Van den Bulte and Lilien 2003). Taken together, even 
though also heterogeneity and several other factors play an important role in the 
diffusion process, the presence of social influence could be confirmed and is generally 
acknowledged today (Iyengar et al. 2011a).  
III.1.2.2 Characterization of Influential People in Social Networks 
Already since Katz and Lazarsfeld (1955) started the discussion about the “flow of 
mass communications”, it is agreed upon the fact that some people are more influential 
than others (cf. e.g., Godes and Mayzlin 2009; Goldenberg et al. 2009; Iyengar et al. 
2011a). Their original definition of influential people as “[…] individuals who were likely 
to influence other persons in their immediate environment” (Katz and Lazarsfeld 
1955, p. 3) with respect to their opinions and decisions remained more or less 
unchanged until today (Watts and Dodds 2007, p. 442). A central question in this 
context is how these influential people can be characterized. Katz (1957) states that 
the ability to influence is related to three (personal and social) factors (cf. Weimann 
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1991, p. 2): (1) the personification of certain values (“who one is”), (2) the competence 
(“what one knows”), and (3) the strategic social location (“whom one knows”). This 
categorization finds also affirmation in the works of Gladwell (2000) and Watts and 
Dodds (2007). The first factor alludes to distinct characteristics, that is, abilities which 
make a person persuasive. For instance, usually salesmen have these charismatic 
traits and communication abilities to successfully convince people (Eccleston and 
Griseri 2008, p. 595; Gladwell 2000, p. 70). Watts and Dodds (2007, p. 442) 
characterize such people to be respected by others. The second factor relates to 
mavens, that is, highly informed individuals (Watts and Dodds 2007, p. 442) or even 
experts in distinct fields of knowledge (Eccleston and Griseri 2008; Gladwell 2000). 
Mavens might be especially influential in the case of cohesion driven by information 
transfer and social learning (cf. e.g., Iyengar et al. 2011a), whereby it is important to 
bear in mind that peoples’ influence might be contextual sensitive. The last factor 
describes the position of an individual within a society. It specifically refers to 
connectors, characterized as “[…] people with a special gift for bringing the world 
together” (Gladwell 2000, p. 38). Such people are usually well-connected (Watts and 
Dodds 2007, p. 442) and enjoy meeting new people as well as introducing them to 
others they know (Eccleston and Griseri 2008, p. 594). Thus, people with a high 
degree of connectedness have the opportunity to influence the behavior of others 
(Barabási 2003; Van den Bulte and Wuyts 2007). Van den Bulte and Stremersch 
(2004) point out that such well-connected people might be particularly influential when 
cohesion (cf. section III.1.2.1) is at work. In case of competition for status, however, 
this might not be the case (Burt 1987). Furthermore, tie strength, that is, the intensity of 
the connections, moderate the impact of social influence (cf. e.g., Brown and Reingen 
1987; Burt 1992; Granovetter 1973).  
By means of these three – not mutually exclusive – factors, Katz (1957) provided a 
classification scheme of how influential people can be characterized in general. With 
the provided context at hand, we first examine how influential people are characterized 
in literature on the identification of influential users in OSN: 
Q.1 How are influential users characterized in the context of OSN? 
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III.1.2.3 Identification of Influential People in Social Networks 
Multiple studies investigating the question whether and to what extent people might be 
influential focused primarily on the strategic location within a social network based on 
its structural characteristics (cf. e.g., Bampo et al. 2008; Borgatti 2006, p. 21; Kiss and 
Bichler 2008) (cf. third factor that characterizes influential people, section III.1.2.2). 
Structural characteristics are thereby defined as patterns of connections among actors 
in a social network (cf. Oinas-Kukkonen et al. 2010). The structure resulting from 
connections among people is mostly described as a set of nodes and directed or 
undirected edges that connect pairs of nodes. These nodes and edges determining the 
network structure can be represented by a graph (Wasserman and Faust 1994; Watts 
2004). 
Several approaches for the identification of important nodes in such a graph can be 
found in social network analysis (SNA) (for an overview of SNA in the context of 
marketing cf. e.g., Iacobucci 1996). For instance, several measures exist that indicate 
the social influence of nodes on other nodes in a network (Friedkin 1991). The three 
most common measures to quantify the centrality of a certain node in social networks 
are presented in Freeman’s article “Centrality in Social Networks: Conceptual 
Clarification” (Freeman 1979): Degree centrality, closeness centrality, and 
betweenness centrality (for a critical review with respect to a marketing context cf. e.g., 
Kiss and Bichler 2008; Landherr et al. 2010). The first centrality measure called degree 
centrality represents the simplest instantiation of centrality, assuming that a node with 
many direct connections to other nodes is central to the network. Such well-connected 
nodes are often called “hubs” (Bampo et al. 2008). As Hinz et al. (2011, p. 57 ff.) point 
out, some studies suggest that these hubs should be considered as influential people 
(cf. e.g., Iyengar et al. 2011b; Kiss and Bichler 2008; Van den Bulte and Joshi 2007). 
However, other studies found that “fringes”, that is, poorly connected nodes 
characterized by low degree centrality might be particularly influential (cf. e.g., Galeotti 
and Goyal 2009; Sundararajan 2006). The second measure named closeness 
centrality expands the definition of degree centrality by focusing on how close a node is 
to all other nodes in the network. The idea behind the third measure referred to as 
betweenness centrality is that if a node is more often on the shortest paths between 
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other nodes, it is more central to the network. Prior work also indicates that such 
“bridges” connecting otherwise unconnected parts of a network should be considered 
as influential people (cf. e.g., Hinz and Spann 2008; Rayport 1996). A further popular 
centrality measure, namely eigenvector centrality, is proposed by Bonacich (1972). 
Since a node’s connectivity in the whole network is incorporated (Bolland 1988), 
approaches based on the eigenvector try to find well-connected nodes in terms of the 
global or overall structure of the network, and pay less attention to local patterns 
(Hanneman and Riddle 2005). Connections to nodes that are themselves influential are 
therefore assumed to lend a node more influence than connections to less influential 
nodes (Newman 2003). Thus, eigenvector centrality and related measures such as 
PageRank deviate from degree, closeness, and betweenness centrality by modeling 
inherited or transferred status (Liu et al. 2005) that also allows for modeling network 
effects in the context of viral marketing (cf. e.g., Richardson and Domingos 2002). 
Taken together, it can be stated that despite the extensive usage of these well-
established centrality measures, “[…] little consensus exists regarding 
recommendations for optimal seeding strategies” (Hinz et al. 2011, p. 58).  
The second research stream on the identification of influential people goes back to 
Domingos and Richardson (2001), who studied the so-called “influence maximization 
problem”. This refers to the combinatorial optimization problem of identifying the target 
set of influential people (also often referred to as “top-k nodes”) that allows for 
maximizing the information cascade in the context of viral marketing (cf. also 
Richardson and Domingos 2002). By applying three approximation algorithms to their 
NP-hard problem, Domingos and Richardson (2001) were able to prove that the 
selection of the “right” target set can make a substantial difference for a marketing 
campaign. Based on these works, Kempe et al. (2003) investigated two of the “[…] 
most basic and widely-studied diffusion models” (Kempe et al. 2003, p. 138), that is, 
the linear threshold (LN) and the independent cascade (IC) model. Both models are so-
called susceptible/infectious/recovered (SIR) models that do not allow for multiple 
activations of the same node: The IC model is usually considered as a push model, 
since nodes (information sender) independently try to propagate information to 
connected nodes in the network. In contrast, the LN model can be considered as a pull 
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model, where nodes (information receiver) accept information if many connected nodes 
have already accepted. In this case, acceptance of propagated information is 
determined by a random threshold. Even though Kempe et al. (2003, p. 138) found that 
also under the IC and LN model it is NP-hard to determine the target set of influential 
people, they were able to derive the first approximation guarantee for the proposed 
greedy algorithm by arguing that their objective function is monotone and submodular 
(for a more general model and further approximation algorithms cf. e.g., Chen et al. 
2009; Leskovec et al. 2007). Moreover, the proposed approximation algorithm 
significantly out-performed heuristics based on centrality measures (Kempe et al. 
2003). Even-Dar and Shapira (2011) apply another approach to solve the influence 
maximization problem, namely the so-called voter model. While the IC and LN model 
consider only the status of the network in the case of convergence to the steady state 
(Bonchi et al. 2011, p. 24), the voter model can be applied with different target times. 
Furthermore, it also overcomes a major limitation of the approach by Kempe et al. 
(2003), that is, the assumption that only one player introduces a product in the market. 
Besides Even-Dar and Shapira (2011), also Bharathi et al. (2007) and Carnes et al. 
(2007) suggested approaches for solving the influence maximization problem in a 
competitive environment. 
Taken together, the first major research stream on the identification of influential 
people in social networks focuses on the strategic location while the second solves the 
influence maximization problem by applying diffusion models and (greedy) algorithms. 
However, as outlined within the introduction, these findings may not be transferred to 
OSN without further reflection. Therefore, we investigate which of the above mentioned 
and which further approaches are applied in the context of OSN in order to identify 
influential users. Furthermore, the specific evaluation of these approaches and 
implications for theory and practice shall be outlined. Hence, we address two further 
questions in the following: 
Q.2 Which approaches have been developed and applied for the identification of 
influential users in OSN? 
Q.3 How have these approaches been evaluated and which implications can be 
derived for theory and practice? 
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III.1.3 Literature Search 
A systematic, comprehensive as well as replicable literature search strategy is 
regarded essential for a profound literature analysis on a certain topic of interest (vom 
Brocke et al. 2009). Bandara et al. (2011, p. 4) delineate two important cornerstones 
for the literature review process: First, one has to define which sources shall be 
searched through (Webster and Watson 2002). Second, the precise search strategy 
needs to be defined, that is, relevant search terms, search fields, and an appropriate 
time period (Cooper 1998; Levy and Ellis 2006). Finally, we outline the (number of) 
included and excluded articles and the selection procedure to allow for 
comprehensibility (vom Brocke et al. 2009). 
III.1.3.1 Sources 
In order to identify relevant publication organs, some authors suggest focusing on 
leading journals of the research discipline under investigation (Webster and Watson 
2002, p. 16). However, as this restricts the search results beforehand, this approach 
should only be applied if the topic of interest can be narrowed down to specific 
journals. Elsewise, a broad database search is advised (Bandara et al. 2011, p. 4). As 
research on OSN is quite broad and wide-spread over diverse disciplines such as 
Management Science, Marketing, IS, or Computer Science, we conducted an 
extensive query in quality scholarly literature databases (cf. Table III.1-1) (Levy and 
Ellis 2006, p. 189; vom Brocke et al. 2009, p. 8). We purposely accept duplicates 
instead of being limited to journals or conferences provided by a certain vendor (Levy 
and Ellis 2006, p. 189).  
III.1.3.2 Search Strategy 
For querying the scholarly databases, we derived the following search terms from 
literature, and applied them by string concatenations. As several synonyms for the 
terminology OSN can be found in literature, we searched for “social network” as an 
umbrella term to cover different term variations, such as Online Social Network or 
Social Network(ing) Site (cf. Richter et al. 2011). Additionally, we applied the search 
terms “influential” (covering also influential user), “influencer”, “key user”, “hub”, and 
“opinion leader” (cf. Goldenberg et al. 2009, p. 1; Libai et al. 2010, p. 271). We 
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searched the databases with these terms per title, abstract and keywords. As the first 
recognizable OSN SixDegrees.com launched in 1997 (Boyd and Ellison 2007), we 
chose a six-teen year time period for our search spanning from 1997 to 2012. 
Table III.1-1. Summary of the underlying sources and the search systematic 
III.1.3.3 Search Results 
In order to determine the relevant articles with respect to our research questions (cf. 
section III.1.2), all search results have been screened by at least two authors. Only 
such articles have been selected, that in essence provide a clear proposition on how 
influential users can be identified. Thereby, also at least one of the following criteria 
had to be fulfilled: (1) The article explicitly focuses on OSN, either as defined within the 
introduction or on OSN in general without further definition. (2) The article explicitly 
states that the derived results are applicable for OSN or the applicability is actually 
demonstrated by means of using an OSN data set. 
The initial database query resulted in 1,912 articles. In a first step, we analyzed each 
article regarding its title, abstract, and publication organ in order to exclude all articles 
which obviously did not match our research focus. This reduced the set of articles to 
180. In a second step, we examined these articles by a full-text review to verify 
whether an article corresponds to our research question and to assess the quality of 
the article’s publication organ. Thereby, we excluded articles that were obviously not 
subject to some kind of formalized peer-review or quality verification (Levy and Ellis 
2006, p. 185). Besides journals, also conferencesIII.1-1 were considered (Webster and 
                                            
III.1-1
  If workshop or conference papers were identified that have been published also in a journal, only the journal 
article has been considered when in essence the key findings remained the same. 
Databases AIS eLibrary; EBSCOhost; EmeraldInsight; IEEEXplore; INFORMS; ProQuest; 
ScienceDirect; SpringerLink; Wiley InterScience 
Search Terms (“social network”) AND 
(“influential” OR “influencer” OR “key user” OR “hub” OR “opinion leader”) 
Search Fields Title, Abstract, Keywords 
Time Period 1997 – 2012 
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Watson 2002, p. 16) as they offer valuable contributions in the exchange of ideas and 
promote the development of new research agendas (Levy and Ellis 2006, p. 185). 
Articles that were too short for a thorough content analysis (e.g., contributions for a 
poster session) (Poeppelbuss et al. 2011, p. 509), and professional magazines, 
newspapers, or patents were excluded (Levy and Ellis 2006, p. 185). As the field of 
research on OSN is quite young (Richter et al. 2011, p. 89), we also excluded books, 
as methods and theories need some time to be established and verified before being 
generally accepted. By this means, we obtained 12 mere approaches for the 
identification of influential users in OSN. By backward search, that is, by studying each 
article’s references (Levy and Ellis 2006, p. 191), we located another four relevant 
articles. In summary, a set of 16 articles serves as the basis for our subsequent 
content analysis. 
III.1.4 Findings and Critical Discussion 
In the following, we analyze the relevant articles with respect to the delineated 
research questions. As all these articles deal with the identification of influential people 
in the context of OSN, we hereafter refer to them as influential users. 
Q.1 How are influential users characterized in the context of OSN? 
The broadly accepted fact that some people are more influential than others (Katz and 
Lazarsfeld 1955) seems to hold true also for OSN (Libai et al. 2010). As outlined in 
section III.1.2.2, Katz (1957) observed in an offline context that personal influence is 
related to three (personal and social) factors, namely: “who one is”, “what one knows”, 
and “whom one knows” (Katz 1957, p. 73). These categories have been confirmed to 
be also applicable for a Web 2.0 context by Eccleston and Griseri (2008). To determine 
the influence of users in OSN, Eirinaki et al. (2012) deduced two properties, namely 
popularity and activity, together with several parameters for their measurement in OSN. 
Looking closely at the parameters of popularity suggested by Eirinaki et al. (2012), the 
factors “who one is” and “whom one knows” by Katz (1957) can be found to be 
covered. However, the original three (personal and social) factors need to be 
complemented by users’ activity for the analysis of influence in the context of OSN: 
First, influential people in general tend to be more involved in personal communication 
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than others (Weimann et al. 2007, p. 175). Second, users in OSN like Facebook have 
up to several hundred of friends whereof only a very small portion actually interacts 
(Heidemann et al. 2010) and some users are actually totally inactive (Cha et al. 2010). 
Consequently, pure connectedness of users does not necessarily guarantee for 
influence (Goldenberg et al. 2009; Trusov et al. 2010, p. 646). Additionally, implicit 
connections that cannot be gathered via explicit friendship connections between users, 
for instance, explicated via voting, sharing, or bookmarking, can be captured by 
accounting for users’ activity (Bonchi et al. 2011, p. 6). Third, new possibilities induced 
by the previously unknown amount of data on users’ activity allows for incorporating 
users’ activity as further factor. Accordingly, we analyzed the relevant articles by 
means of the four (not mutually exclusive) factors “who one is”, “what one knows”, 
“whom one knows”, and “how active one is”. Table III.1-2 illustrates the findings. 
Table III.1-2. Overview of the characteristics considered by the relevant articles 
 
Overall, the majority of the relevant articles relies on rather broad definitions of 
influential users or stays imprecise about which characteristics are taken into account. 
Surprisingly, two factors (“who one is” and “what one knows”) are hardly considered, 
References “Who one is”
“What one 
knows”
“Whom one 
knows”
“How active
one is”
Aral and Walker (2012)
Canali and Lancellotti (2012)
Eirinaki et al. (2012)
Goldenberg et al. (2009)
Heidemann et al. (2010)
Hinz et al. (2011)
Ilyas and Radha (2011)
Kim and Han (2009)
Kimura et al. (2007)
Lerman and Ghosh (2010)
Ma et al. (2008)
Narayanam and Narahari (2011)
Saito et al. (2012)
Trusov et al. (2010)
Zhang et al. (2010)
Zhang et al. (2011)
Not Considered Considered Not further explicated
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although Zhang et al. (2011, p. 1512) find that different topics (“what one knows”) lead 
to different results regarding the set of users that should be selected in order to 
influence most people in an OSN. In summary, we observe that current approaches 
barely consider user specific attributes as well as users’ knowledge on certain topics. 
After the synthesis of how influential users are characterized within our set of articles, 
we examine the articles with respect to the proposed methods along with their 
evaluation and implications in the following. 
Q.2  Which approaches have been developed and applied for the identification 
of influential users in OSN? 
Q.3  How have these approaches been evaluated and which implications  
have been derived? 
With respect to the two outlined major research streams (cf. section III.1.2.3), six of the 
relevant articles apply approaches that are generally based on the strategic location of 
nodes in a graph (cf. Table III.1-3). Since a static and potentially inactive social link 
(often so-called “friendship relationship”) in OSN does not guarantee an exchange of 
information and thus influence, Goldenberg et al. (2009) and Heidemann et al. (2010) 
define activity graphs were links between users do not represent friendship 
connections but the activity of nodes (e.g., messages, visits). Based on a directed 
activity graph, Goldenberg et al. (2009, p. 5) identify influential users by looking for 
hubs “[…] with in- and out-degrees larger than three standard deviations above the 
mean”. By analyzing Cyworld, the authors find that users with high degree centralities 
generally adopt earlier due to their large number of connections to other users. 
Furthermore, a user’s innovativeness was estimated in terms of adoption timing across 
multiple products. The authors differentiate innovators (who adopt before anyone else 
in the neighborhood) and followers (who compromise the rest) and thereby reveal that 
the former mainly influence the speed of adoption and the latter market size. Thus, 
Goldenberg et al. (2009, p. 10) conclude that hubs “[…] could be an efficient target for 
word-of-mouth campaigns, leading to both faster growth and increased market size”. 
Heidemann et al. (2010) define an undirected activity graph with weighted activity links 
representing the number of exchanged communication activities among users. By 
adapting the PageRank algorithm to account for the undirected and weighted graph, 
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influential users are identified by means of high rankings among all users’ PageRank 
scores. The authors apply their approach to a Facebook dataset and show that their 
algorithm allows to identify more users that can be retained as active users in the 
future than when drawing on other centrality measures or users’ prior communication 
activity. 
Besides these two articles focusing on the activity graph, the remaining four articles 
model a social graph consisting of social links, that is, friendship connections among 
users in OSN. Lerman and Ghosh (2010) argue that in general, dynamic social 
processes (e.g., information diffusion) as well as centrality measures to identify 
influential users can either be conservative (random walk-based) or non-conservative 
(broadcast-based). Since the diffusion of information is a non-conservative process, 
they hypothesize that accordingly non-conservative centrality measures (e.g., degree 
centrality, (normalized) α-centrality) perform better than conservative ones (e.g., 
PageRank, betweenness centrality). By analyzing a Digg dataset, Lerman and Ghosh 
(2010) confirm this hypothesis and find that in their case (normalized) α-centrality 
performs best. Hinz et al. (2011), however, find that targeting users in OSN with both 
high degree (non-conservative) and betweenness centrality scores (conservative) is 
particularly beneficial as well-connected users are more likely to participate in viral 
marketing campaigns. The authors further observed that hubs do not have more 
influence on other users per se, they only use their greater reach more actively. In 
contrast to the so far discussed articles, Ilyas and Radha (2011) rather aim at 
identifying influential neighborhoods than single influential users. Therefore, they apply 
principal component centrality (PCC) in an undirected (weighted) social graph. Using 
the example of an Orkut and a Facebook dataset (in order to incorporate also user 
activity, the authors weight the social links by the number of users’ interactions in the 
latter case), they show that in comparison to the application of eigenvalue centrality the 
number of identified influential neighborhoods and users can be increased by applying 
PCC. The authors further find that the tendency of eigenvalue centrality to identify a set 
of influential users within the same region of a massive graph of an OSN can be 
overcome by their proposed approach (Ilyas and Radha 2011). Finally, Kim and Han 
(2009) propose to first rank users by their corresponding degree centrality scores in an 
undirected social graph. Second, the authors suggest identifying influential users by 
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selecting the users with the highest centrality score and the highest activity index 
calculated as the weighted sum of selected activity indicators (e.g., number of groups, 
updated content per day). By analyzing the diffusion of a Facebook game, the authors 
find that targeting their identified influential users achieves increasing growth rates and 
higher number of new adopter than when addressing mediocrities (Kim and Han 2009). 
Table III.1-3 summarizes the approaches and findings. 
Table III.1-3. Articles focusing on the strategic location of users in Online Social Networks 
References Approaches and Findings 
Goldenberg et al. 
(2009) 
Propose to identify influential users by looking for hubs in a directed graph 
based on activity links. Define hubs as users “[…] with both in- and out-
degrees larger than three standard deviations above the mean”. Analyze 
Cyworld and suggest targeting hubs, who lead to both faster growth and 
increased market size. 
Heidemann et al. 
(2010) 
Propose an adapted PageRank to identify influential users in an undirected 
and weighted graph based on activity links. Evaluate the approach by 
means of a Facebook dataset and find that more users that are retained can 
be identified than when users’ prior communication activity (second best) or 
applying other centrality measures such as degree centrality (third best). 
Hinz et al. (2011) Propose degree and betweenness centrality to identify influential users in 
graphs based on social links. Apply different seeding strategies in 
anonymous OSN and customer networks. Find that hubs and bridges are 
more likely to participate in viral marketing campaigns and hubs use their 
greater reach more actively. 
Ilyas and Radha 
(2011) 
Propose principal component centrality (PPC) to identify influential users at 
the center of influential neighborhoods in an undirected (weighted) graph 
based on social links. Apply their approach to Orkut and Facebook and find 
that in comparison to the application of eigenvector centrality the number of 
identified influential neighborhoods and users can be increased. 
Kim and Han 
(2009) 
Propose to identify influential users by first computing degree centrality in an 
undirected graph based on social links and second estimating an activity 
index. Evaluate their approach by means of the diffusion of a Facebook 
game. Find that targeting their identified influential users increases growth 
rates and leads to higher numbers of new adopters. 
Lerman and 
Ghosh (2010) 
Propose (normalized) α-centrality to identify influential users in non-
conservative diffusion processes in a directed (weighted) graph based on 
active social links. Evaluate the approach by means of a Digg dataset and 
find that the non-conservative model of (normalized) α-centrality performs 
better than conservative models of influence when identifying influential users 
in non-conservative processes such as information propagation. 
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Besides the six articles that apply approaches based on the strategic location of users 
in OSN (cf. Table III.1-3), another six of all relevant articles focus on solving the 
influence maximization problem (top-k nodes problem) by different approximation 
algorithms (cf. Table III.1-4). In contrast to the former ones, it becomes apparent that 
none of the latter ones, which will be discussed in the following, specifies whether the 
underlying directed or undirected graph is based on social or activity links. Four of the 
articles use SIR models (cf. section III.1.2.3) to model the diffusion process. While 
Kimura et al. (2007) mainly focus on the design of an efficient approximation algorithm 
for the solution of the influence maximization problem based on bond percolation, 
Zhang et al. (2010) and Zhang et al. (2011) aim at incorporating more personal and 
social factors of influential users (cf. section III.1.2.2) than solely their connectivity. 
Therefore, Zhang et al. (2010) incorporate similarity between users and Zhang et al. 
(2011) account for users’ preferences for specific topics by weighting the graphs’ links. 
Contrary to Kempe et al. (2003), Zhang et al. (2010) were able to show that due to 
richer information incorporated in the social graph, a degree-centrality-based algorithm 
performs often even better than the general and hill-climbing greedy algorithm. 
Narayanam and Narahari (2011) select a fundamentally different approach and 
suggest a Shaply value-based influential nodes (SPIN) algorithm on the basis of an 
appropriately defined cooperative game. The authors show that their algorithm can not 
only solve the top-k nodes problem investigated in all articles displayed in Table III.1-4 
but also the -coverage problem, that is, finding a minimum set of influential nodes that 
influences a given percentage  of nodes in the network. Furthermore, the authors 
show that their algorithm is more computationally efficient and yields a higher 
performance in terms of quality than the algorithms proposed by Kempe et al. (2003), 
Leskovec et al. 2007, and Chen et al. (2009). The article of Ma et al. (2008) differs as 
well from the previously discussed approaches. Instead of using a SIR model, the 
authors model diffusion by a heat diffusion process. Thus, the approach can not only 
capture users that diffuse positive information but also negative influence on other 
users (even if these users already adopted e.g., a product). Moreover, their approach 
allows for planning marketing strategies sequentially in time, as a time factor is 
included. Besides Ma et al. (2008), also Saito et al. (2012) take into account the time 
factor. Therefore, the authors apply a susceptible/infected/susceptible (SIS) model and 
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define a final-time and an integral-time maximization problem. While the first problem 
cares only about how many nodes are influenced at a point in time, the second 
problem focuses on the question of how many nodes have been influenced throughout 
a period of time. By solving the two problems with a greedy algorithm, Saito et al. 
(2012) find that more influential nodes can be discovered than by applying approaches 
based on centrality measures. Furthermore, the identified influential users differ 
remarkably depending on the chosen influence maximization problem. Therefore, the 
authors conclude that “[…] it is crucial to choose the right objective function that meets 
the need for the task” (Saito et al. 2012, p. 632). Table III.1-4 summarizes the 
approaches and findings. 
Table III.1-4. Articles focusing on the solution of the influence maximization problem 
References Approaches and Findings 
Kimura et al. 
(2007) 
Examine the influence maximization problem (top-k nodes problem) using 
SIR models (namely the IC and LT model) in a directed graph. Solve the 
problem under the greedy hill climbing algorithm on the basis of bond 
percolation and demonstrate a higher performance and a large reduction 
in computational cost in comparison to the conventional method that 
simulates the random process many times. 
Ma et al. (2008) Examine the influence maximization problem (top-k nodes problem) using a 
heat diffusion process in a directed and an undirected graph. Solve the 
problem under a top-k, k-step greedy, and enhanced k-step greedy 
algorithm. Apply their approach to an Epinion dataset and show that not only 
the diffusion of positive but also of negative information can be modeled. 
Furthermore, the included time factor allows for planning viral marketing 
campaigns sequentially in time.  
Narayanam and 
Narahari (2011) 
Examine the influence maximization problem (top-k nodes problem) and the 
-coverage problem (finding a minimum set of influential nodes that 
influences a given percentage  of nodes in the network) using a SIR model 
(namely LT) in a directed graph. Solve both problems by the Shaply value 
based influential nodes (SPIN) algorithm on the basis of a cooperative game. 
Show that the SPIN algorithm is more powerful and computationally 
efficient than existing algorithms. 
Saito et al. (2012) Examine the influence maximization problem (top-k nodes problem) using 
SIS models as final-time and integral-time maximization problem in a 
directed graph. Solve the problems under the greedy algorithm on the basis 
of bond percolation, pruning, and burnout. Find that more influential 
nodes can be discovered than by approaches based on centrality measures 
and that the identified influential users differ remarkably depending on the 
chosen problem. 
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Zhang et al. 
(2010) 
Examine the influence maximization problem (top-k nodes problem) using a 
SIR model (namely LT) in a directed graph. Adapt the LT model by weighting 
edges that account for similarity between users. Solve the problem by 
applying centrality, greedy, and combined algorithms. Apply their approach 
to an Epinion dataset and show that the graph built by “trust” and “review-
rate” includes more information on the social network. Thus, a degree-
centrality-based algorithm performs often even better than the general and 
hill-climbing greedy algorithm. 
Zhang et al. 
(2011) 
Examine the influence maximization problem (top-k nodes problem) using a 
SIR model (namely IC) in an undirected graph. Adapt the IC model by 
weighting edges that account users’ preferences for specific topics. Solve 
the problem under a CRLF optimized greedy algorithm including Monte 
Carlo simulation. Experimental results show that the approach significantly 
outperforms the traditional greedy algorithm in terms of information 
diffusion on specific topics. 
Finally, four of the identified articles apply approaches for the selection of influential 
users in OSN which cannot be attributed to one of the two above mentioned research 
streams. The first article by Aral and Walker (2012) propose hazard models to measure 
the moderating effect of individual level attributes (e.g., gender, age) on influence, 
susceptibility, and dyadic peer-to-peer influence. By conducting a large scale in vivo 
randomized experiment in Facebook, bias by confounding effects, homophily, 
unobserved heterogeneity etc. could be eliminated (Aral and Walker 2012). The results 
indicate that there are remarkable differences between the individual level attributes 
characterizing influencers and susceptibles. For instance, susceptibility decreases with 
age and women are less susceptible than men. Influence is also exerted mostly to 
users of the same age, men are more influential than women, and influential users 
cluster in the network. Taken together, Aral and Walker (2012, p. 340) highlight that (1) 
influential users need to be targeted, since they are unlikely to adopt due to influence 
by other users, (2) “[…] being influential is not simply a consequence of having 
susceptible peers […]”, as diffusion depends on both influence and susceptibility, and 
that (3) “[…] targeting should focus on the attributes of current adopters […] rather than 
attributes of their peers […]”, since there are more users with high influence scores 
than with high susceptibility scores. Canali and Lancellotti (2012) as well differentiate 
and analyze “sources”, that is, users that propagate information that receives the most 
attention of other users, and “targets”, that is, users that access most information. The 
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authors propose principal component analysis (PCA) to select and combine relevant 
user attributes (e.g., number of friends, number of comments). By applying their 
approach to a YouTube and Flickr dataset, they show that the approach is robust and 
effective, as it identifies more targets and sources than by applying in-degree centrality. 
Eirinaki et al. (2012) apply a similar approach and suggest selecting and combining a 
set of profile-based characteristics representing popularity (e.g., number of friends, 
received comments) and activity (e.g., number of updates, last login time). By applying 
their approach to a synthetic and MySpace dataset, the authors find that influential 
users that might have been missed by betweenness centrality or PageRank can be 
identified as not only users’ connectedness but also activity is taken into account. To 
account for the importance of users’ activity, Trusov et al. (2010) suggest a 
nonstandard form of Bayesian shrinkage implemented in a Poisson regression, which 
is based on users’ daily log-ins. The authors apply their approach to an anonymous 
OSN and find that only few social links of a user have actually influence on his or her 
behavior. They further show that their approach identifies more users that influence 
others’ activity than simpler alternatives such as degree centrality or an approximation 
by the number of a user’s profile views. Table III.1-5 summarizes the approaches and 
findings. 
Table III.1-5. Articles focusing on further approaches 
References Approaches and Findings 
Aral and Walker 
(2012) 
Propose to identify influential users by applying hazard models to measure 
the moderating effect of individual level attributes on influence, 
susceptibility, and dyadic peer-to-peer influence. By conducting a large scale 
in vivo randomized experiment in Facebook it is shown that susceptible 
decreases with age, susceptibility increases with increasing relationship 
commitment until marriage, men are more influential than women, users 
exert most influence on other users of the same age, and influential users 
cluster in the network. 
Canali and 
Lancellotti (2012) 
Propose to apply principal component analysis (PCA) to select and 
combine user attributes that allow for identifying influential nodes. 
Differentiate between “sources” and “targets”. Apply their approach to a 
YouTube and Flickr dataset to show that it is robust and effective. Find that 
their approach allows to identify more targets and sources than when 
applying in-degree centrality. 
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Eirinaki et al. 
(2012) 
Propose to identify influential nodes by selecting and combining a set of 
profile-based characteristics representing popularity and activity. Apply their 
approach to a synthetic and MySpace dataset. Find that their approach 
allows for identifying influential users that might have been missed by 
betweenness centrality or PageRank as not only users’ connectedness but 
also activity is taken into account. 
Trusov et al. 
(2010) 
Propose to identify influential nodes by a nonstandard form of Bayesian 
shrinkage implemented in a Poisson regression. Apply their approach to 
an anonymous OSN and find that only few social links of a user have actually 
influence on his or her behavior. Also their approach identifies more users 
that influence others’ activity than simpler alternatives such as degree 
centrality or an approximation by the number of a user’s profile views. 
III.1.5 Future Research Directions 
Online and offline social influence might not be the same. 
Even though there have been first studies comparing offline and online social network 
constructs, such as tie strength (cf. e.g., Brown et al. 2007), many articles on the 
identification of influential users in OSN draw on theories and previous findings that 
have been originally derived in an offline context without critical reflection (cf. section 
III.1.2.1). For instance, the visibility of social actions in OSN might lead to new forms of 
social influence, “[…] which rather than flowing from the actor to the observer, flows 
from the observer to the actor” (Sundararajan et al. 2012, p. 8). Thus, companies might 
be able to develop marketing strategies that “[…] incorporate targeting advisees, not 
just advisers”, as suggested by Hinz et al. (2013, p. 8). Future research should 
therefore especially focus on differences and commonalities of offline and online 
networks. Are there differences between online and offline social systems, and if yes, 
what are these differences? Are online influencers also influential offline and vice 
versa? Are online traces reliable mirrors of offline social influence and contagion and 
does social influence invoked in online settings further spread into the offline world? 
More work regarding such questions should be encouraged and practitioners need to 
be aware that concepts developed offline might not work alike in online settings such 
as OSN. 
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BISE and Marketing could mutually benefit from more collaboration. 
We find that most articles on the identification of influential users in OSN steam either 
from the scientific Business & Information Systems Engineering (BISE) or Marketing 
community. Taken together with our findings presented in section III.1.4, it becomes 
apparent that rather marketing-oriented articles extensively draw on rich real-world 
datasets of OSN and even collaborate with OSN providers (cf. e.g., Trusov et al. 2010). 
In contrast, rather technical-oriented papers from the field of Computer Science and 
Engineering have a more theoretical approach and evaluate their artifacts in most 
cases by formal proofs, for instance regarding efficiency, run-time, or in a few cases 
apply synthetic or other networks’ data (e.g., authorship networks) (cf. e.g., Narayanam 
and Narahari 2011). This may account for the fact that some of the central findings of 
these rather design-oriented articles are contrary to empirical findings from the 
Marketing community (e.g., regarding the applicability of degree centrality for the 
identification of influential users in OSN). Therefore, we believe that an even stronger 
collaboration between the scientific BISE and Marketing community than we find today 
could be mutually beneficial by exchanging data on OSN, knowledge about efficient 
and automated algorithms that actually can handle the vast amount of data in OSN, or 
contacts to OSN providers. Furthermore, the actual design and implementation of 
algorithms in cooperation with companies or OSN providers, for instance by conducting 
Action Design Research (cf. Sein et al. 2011), could be facilitated in future research.  
A human being is not just a node in a graph. 
The majority of the articles do neither incorporate personal information on users that 
allow for assessing “who one is” or “what one knows” (cf. Table III.1-2). For instance, 
Trusov et al. (2010, p. 645) and Hinz et al. (2011, p. 68) find that having many friends 
(i.e., social links) does not make users influential per se. Instead, there is remarkable 
heterogeneity among users in OSN, that is, the average user is influenced by relatively 
few other users and in turn, influences few other users (Trusov et al. 2010, p. 645). 
Prior research states that “[…] influence […] cannot be simply traced back to the graph 
properties […] but also depends on the personality and emotions of the human being 
behind it” (Quercia et al. 2011, p. 1). Furthermore, it has been emphasized that 
influence is not a “[…] unidimensional measure, but a combination of personal traits 
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with social network positioning […]” (Weimann 1991, p. 276). However, empirical 
studies of how individual attributes of users moderate influence can hardly be found. A 
first study by Aral and Walker (2012) finds that influence and susceptibility of users 
heavily depends on the individual level attributes of users (e.g., age, gender). This is 
also confirmed by Katona et al. (2011), who find that some demographic variables are 
good predictors of adoption. On the other hand, influence is often overestimated, as 
homophily actually accounts for a large share of social contagion (cf. section III.1.2.3). 
Zhang et al. (2011) emphasize that the identification of influential users also depends 
on users’ preferences for specific topics as the diffusion of information differs among 
topics (cf. e.g., Saito et al. 2009; Saito et al. 2010). Thus, practitioners targeting 
influential users in OSN should take into account not only the specific characteristics of 
the users but also of their advertised products and services. We consequently believe 
that more research is needed to investigate the relationships between the personal and 
social factors of influential users, the distribution of these factors across users, and the 
homophily in the formation of social and activity links in OSN.  
Not just positive information might be propagated. 
Besides the article by Ma et al. (2008) (cf. Table III.1-4), none of the analyzed articles 
explicitly models the diffusion of positive and negative information in OSN. However, 
prior research on word-of-mouth in general found that negative word-of-mouth is more 
likely and stronger than positive word-of-mouth (Anderson 1998; Bone 1995): While on 
average dissatisfied customers can be expected to tell eleven persons, satisfied only 
tell about five persons about their experiences (Heskett et al. 1997). Thus, negative 
word-of-mouth is about twice as likely as positive word-of-mouth (Mangold et al. 1999). 
Also in an online context, Chevalier and Mayzlin (2006) found that the impact of a 
negative review on sales was greater than the impact of a positive one and Berger and 
Milkman (2012) showed that content provoking negative emotions such as anger or 
anxiety tended to be exceptionally viral. Therefore, practitioners need to be aware that 
targeting influential users in OSN can also incorporate a certain risk of negative 
information diffusion. In order to better understand the role of influential users 
propagating negative information in OSN, future research should also develop diffusion 
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models that incorporate a certain degree of (influential) users that do not solely or 
doubtless spread positive information. 
The one who leads might not follow. 
Most of the discussed approaches (cf. section III.1.4) try to identify the most influential 
users that should be targeted in order to maximize the impact of a marketing 
campaign. However, as Watts and Dodds (2007, p. 442) state, “[…] it is generally the 
case that most social change is driven not by influentials but by easily influenced 
individuals influencing other easily influenced individuals”. Aral and Walker (2012) point 
out that the susceptibles hypothesis is for instance well represented in theoretical 
threshold-based models (cf. section III.1.2.3), which are also used by some of the 
approaches discussed in section III.1.4 (cf. Table III.1-4). However, besides Aral and 
Walker (2012) and partly Canali and Lancellotti (2012), none of the discussed articles 
analyzes the role of susceptibles in depth. Particularly behind the backdrop of the 
findings of Aral and Walker (2012) outlined in section III.1.4, it still seems to be 
promising for practitioners to address influential users in OSN, but further research is 
needed to enrich our understanding of the role of susceptibles and their individual 
characteristics as well as their interplay with influential users in OSN (cf. e.g., Hinz et 
al. 2013). 
You are not alone. 
None of the discussed articles considers optimal seeding strategies in a competitive 
environment. However, due to the sheer size and the high number of connections to 
other users in OSN, isolated diffusion processes may not be representative for reality. 
Furthermore, users in OSN are exposed to a tremendous amount of information 
(Canali and Lancelotti 2012, p. 29). This information overload may cause users in OSN 
to be less easily influenced as they simply cannot process all the information that they 
are exposed to (Hinz et al. 2011, p. 58). Therefore, practitioners need to be aware that 
competing marketing campaigns or information overload may diminish the effects of 
viral marketing campaigns. We believe that further research is needed to better 
understand the consequences of parallel (competing) viral marketing campaigns, for 
example regarding different products of one company or simultaneous marketing 
campaigns of different companies, and the impact of information overload. 
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Degree centrality is not that bad. 
Our analysis shows that most articles focusing on the solution of the influence 
maximization state that their approaches outperform simpler approximations such as 
degree centrality (cf. Table III.1-4). However, this is in contrast to a number of articles, 
which find that particularly users with high degree centrality scores (i.e., hubs), are in 
fact the influential users in OSN (cf. Table III.1-3). This finding is also verified by Zhang 
et al. (2010), who show that degree centrality-based algorithms perform often even 
better than greedy algorithms when approximating the optimal solution of the influence 
maximization problem. This might be due to richer information, which is incorporated in 
social graphs of OSN (Zhang et al. 2010). Also Tang and Yang (2010) find in a similar 
context that a simple degree centrality based algorithm performs almost as good a 
complex PageRank based approach. One explanation for these deviating results could 
be the different evaluation methods as outlined above. In line with related studies (e.g., 
Kiss and Bichler 2008) we find that degree centrality can be a reasonable measure for 
the identification of influential users in OSN. However, practitioners targeting users with 
high degree centrality scores need to be aware of further findings, which indicate that 
the influential power of users and susceptibility decreases with a rising number of 
contacts (Katona et al. 2011; Narayan et al. 2011). Moreover, some articles indicate 
that users with high degree centrality scores do not have higher conversion rates due 
to a higher persuasiveness but are rather more active (Hinz et al. 2011; Iyengar et al. 
2011b). Thus, further research on the optimal centrality of influential users, the actual 
role of social influence in OSN, and further validations using large-scale data from 
actual OSN should be encouraged. 
Methods, diffusion processes, and network properties need to be aligned. 
As Lerman and Ghosh (2010) point out, the diffusion of information is a non-
conservative process. However, not only the diffusion process but also centrality 
measures make implicit assumptions about the nature of the diffusion process (Borgatti 
2006). Therefore, the actual underlying diffusion process affects the applied 
approaches (Ghosh et al. 2011), which hence need to be aligned accordingly. 
However, for instance Hinz et al. (2011, p. 69) find that it is beneficial to target users 
with high betweenness centrality scores. This is a conservative centrality measure 
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(Lerman and Ghosh 2010) for the diffusion of viral marketing campaigns, which is 
usually considered as a non-conservative process (Ghosh et al. 2011). Furthermore, 
Narayanam and Narahari (2011, p. 145) find that “[t]he presence of communities 
strongly affects the process of identifying influential nodes”. This is in line with findings 
by Kimura et al. (2008), who found that certain community structures are strongly 
correlated with the greedy solution of their influence maximization problem under the 
IC model. Ilyas and Radha (2011) go one step further and identify users that form 
centrality maxima within influential neighborhoods. This is a promising approach for 
future research, as it is hardly the case that there is only a single influential 
neighborhood in OSN with millions of users. Consequently, several users might have 
relatively low influence scores compared to the whole OSN, but relatively high 
influence scores within their relevant neighborhoods. Therefore, practitioners and 
researchers should carefully consider and align their applied methods and approaches 
to the underlying diffusion processes and network properties when identifying 
influential users in OSN. However, since not all studies confirm the assumptions of 
Lerman and Ghosh (2010), further research should be encouraged to achieve a deeper 
understanding about the interplay of centrality measures and diffusion processes. 
Efficiency is crucial. 
Taking a look at the articles focusing on the solution of the influence maximization 
problem by using diffusion models and solving them by (greedy) algorithms (cf. 
Table III.1-4), it becomes apparent that the efficiency of the applied algorithms is a 
crucial success factor for their applicability in a real-world context (Saito et al. 2012). 
Therefore, as discussed above, solutions based on simpler centrality measures are 
often favorable, even though more sophisticated algorithms might be more accurate 
(cf. e.g., Zhang et al. 2011). Taken together, practitioners and researchers need to be 
aware of the trade-off between high accuracy and sufficient efficiency for large-scale 
datasets of OSN. Further research could address questions of optimal levels of 
accuracy and efficiency from an economical perspective when identifying influential 
users for marketing purposes in OSN. 
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III.1.6 Conclusion 
Who will lead and who will follow? The question of identifying those people that 
mobilize and propagate influence in networks and society the most effective way has 
been intensively analyzed in different research streams over the last decades. Along 
with the explosive growth of OSN, related changes regarding access and availability of 
user data, a decreasing impact of traditional marketing techniques, and changes in 
customer behavior, identifying influential users in OSN received a great deal of 
attention in recent years. With this context at hand, we focused on identifying relevant 
publications by means of a structured literature search in order to analyze, synthesize, 
and assess applied characteristics of and methods for identifying influential users in 
OSN. It is hoped that the results can stimulate and guide future research in the field. 
However, our findings are subject to limitations: First, despite we conducted a broad 
and structured database search there is still a certain chance that not all relevant 
articles have been identified. Furthermore, we selected appropriate search terms 
derived from literature, but nevertheless additional phrases might have also uncovered 
a few more relevant papers. Second, by our focus on user-oriented sites we excluded 
articles that analyze content-oriented sites such as Twitter or YouTube. Thus, our 
perspective is narrowed and certain approaches and findings that have only been 
researched on such sites are not considered. Additionally, the focus on influential users 
in OSN could be broadened in the future in order to discuss also commonalities and 
differences of social influence in online and offline settings. Further research might 
therefore apply a broader definition of OSN and also incorporate studies on offline 
networks. Besides these limitations, we hope that our findings help interested parties 
from BISE, Marketing, and beyond to get a first overview and better understanding of 
the body of knowledge regarding the identification of influential users in OSN. 
Additionally, we hope to provide directions for future research in this field. 
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Abstract: 
Online social networks evolved into a global mainstream medium that generates an 
increasing social and economic impact. However, many online social networks face the 
question how to leverage on their fast growing popularity to achieve sustainable 
revenues. In that context, particularly more effective advertising strategies and 
sophisticated customer loyalty programs to foster users’ retention are needed. 
Thereby, key users in terms of users’ connectivity and communication activity play a 
decisive role. However, quantitative approaches for the identification of key users in 
online social networks merging concepts and findings from research on users’ 
connectivity and communication activity are missing. Based on the design science 
research paradigm, we therefore propose a novel PageRank based approach bringing 
together both research streams. To demonstrate its practical applicability, we use a 
publicly available dataset of Facebook.com. Finally, we evaluate our novel PageRank 
based approach in comparison to existing approaches, which could alternatively be 
used.
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III.2.1 Introduction 
Since the first recognizable online social network (OSN) SixDegrees.com launched in 
1997 (Boyd and Ellison 2007), numerous OSN such as Facebook.com, MySpace.com, 
and LinkedIn.com became popular Internet platforms, which connect people around 
the globe. The active use of OSN enjoys great popularity both in private and corporate 
context. While in 2008 41% of the US Internet user population visited OSN at least 
once per month, an estimated 52% of all US Internet users will be regular OSN visitors 
by 2013 (Williamson 2009b). Worldwide the fast growing number of OSN users 
reached its latest peak on February 4, 2010, when Facebook.com celebrated six years 
in business and its number of active users exceeded 400 million (Facebook 2010). A 
couple of weeks later, Facebook.com even surpassed Google.com to become the most 
visited website of the week in the US (Dougherty 2010). Thus, this technical and social 
phenomenon evolved into a global mainstream medium that generates an increasing 
social and economic impact. Therefore, media and IT companies have been acquiring 
OSN for considerable amounts. In 2005, for example, the media company News 
Corporation acquired the OSN MySpace.com for US$ 580 million (BBC 2005), and two 
years later, Microsoft paid US$ 240 million for a 1.6% minority interest in the OSN 
Facebook.com (MSNBC 2007).  
Despite the rising number of users, the purchase prices for OSN are also being 
considered critically. For instance, Martin Sorrell, CEO of the WWP Group, seriously 
questioned the valuation of Facebook.com at US$ 15 billion (Andrews 2009). In fact, 
OSN face the question how to leverage on their fast growing popularity to achieve 
sustainable revenues. For example, many OSN are not sure how to generate adequate 
revenues through advertising and membership fees (Clemons 2009; Lu and Hsiao 
2010). This is critical, since nowadays the majority of OSN relies on the advertisement 
based and/or the two-tiered business model, the latter meaning that basic services are 
offered for free and premium services are provided for a fee (Riggins 2003). 
Particularly these business models pose major challenges to OSN providers: On the 
one hand, more effective advertising strategies are needed in order to remain 
financially viable (Wen et al. 2009). Even though worldwide advertisement spending on 
OSN are expected to grow from US$ 2.0 billion in 2008 to US$ 3.5 billion in 2013 
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(Williamson 2009a), OSN often do not know how to unleash this potential. 
Consequently, there are already indicators for unexpected low advertising sales 
(Delany et al. 2008). MySpace.com for instance, recently “[…] has fallen ‘significantly’ 
short of expectations and is jeopardising a critical US$ 900 million [...] agreement with 
Google” (Edgecliffe-Johnson and Li 2009). On the other hand, OSN need to foster 
users’ retention, i.e., they need to ensure that users don’t leave the OSN or become 
inactive, since “[…] retention of users and virality are crucial to growth and survival of 
large online social networks” (Nazir et al. 2009, p. 65). Especially for OSN operating 
under the two-tiered business model, acquiring and retaining users that are willing to 
pay fees for premiums services is essential. 
To overcome these challenges and to tap the enormous potential originated by the 
dramatic increase in the popularity of OSN, key users play a decisive role (Bampo et 
al. 2008; Xu et al. 2008; Xu et al. 2009). In our context, a key user is characterized by 
one or more of the following aspects: (1) He or she can affect a large number of his or 
her friends, acquaintances, or other users in an OSN. Such a user can for instance be 
addressed in marketing campaigns to achieve a high awareness of a product or 
service (Zahng et al. 2010). This strategy is very promising, since Ray et al. (2010) 
found “[…] that people in the US generate more than 500 billion online impressions on 
each other regarding products and services” and that only “[…] 16% of online 
consumers generate 80% of these impressions”. (2) He or she is very unlikely to leave 
the OSN or to become inactive. Such a loyal user can also be helpful to increase 
stickiness, i.e., the ability to attract and hold users’ interest (Bhat et al. 2002), which is 
for instance an important success factor for web-based advertisement (Wang and 
Fesenmaier 2006). (3) He or she is more likely to be willing to pay for premium 
services in an OSN, which are provided for a fee. Such a user is particularly interesting 
for OSN operating under the two-tiered business model. To enable more effective and 
user centric advertising strategies as well as sophisticated customer loyalty programs 
by addressing users deliberately, approaches for the identification of such key users in 
OSN are needed. For the identification of key users, users’ connectivity and 
communication activity are particularly important regarding advertisement in OSN 
(Cheung and Lee 2010; Ganley and Lampe 2009; Staab et al. 2005; Wen et al. 2009; 
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Xu et al. 2008), users’ loyalty (Algesheimer and von Wangenheim 2006; Xu et al. 
2009), and users’ willingness to pay for services in OSN (Oestreicher-Singer and 
Zalmanson 2009). However, even though studies emphasize the importance of both a 
user’s connectivity and communication activity (Ganley and Lampe 2009; Staab et al. 
2005; de Valck et al. 2009; Willinger et al. 2009), quantitative approaches for the 
identification of key users in OSN merging both aspects are missing. Therefore, we 
propose a novel PageRank based approach for identifying key users in OSN bringing 
together concepts and findings from both research streams. In addition, we 
demonstrate the practical applicability by using a publicly available dataset of 
Facebook.com and evaluate our novel PageRank based approach in comparison to 
existing approaches, which could also be used to identify key users in OSN. 
The paper is based on the design science research paradigm and in particular on the 
guidelines for conducting design science research by Hevner et al. (2004). Since 
Hevner et al. (2004) do not propose an approach for structuring and organizing design 
science research contributions, we follow Peffers et al. (2008) and their nominal 
process model for the conduct of design science research, which is based on the 
guidelines by Hevner et al. (2004) and contains six activities. Hence, after the 
discussion of the general relevance of the problem and its motivation within this 
introduction (activity 1: “problem identification and motivation”), we specify the problem 
context for which the novel approach is relevant and review prior research on users’ 
connectivity and communication activity in OSN. Afterwards, we identify the research 
gap (activity 2: “define the objectives for a solution”). In section III.2.3, we develop our 
artifact as a novel PageRank based approach for the identification of key users in OSN 
(activity 3: “design and development”). The penultimate section illustrates the 
applicability of the artifact (activity 4: “demonstration”) by using a publicly available 
dataset of Facebook.com. Furthermore, the artifact’s utility (activity 5: “evaluation”) is 
extensively assessed in comparison to “competing artifacts”. Finally, the last section 
summarizes our results and provides an outlook on future steps (activity 6: 
“communication”).  
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III.2.2 Problem Context and Related Work 
After the identification of the problem and its motivation in the previous section, we 
specify the problem context. Subsequently, we focus on relevant literature regarding 
the identification of key users in OSN. Thus, we review prior research on users’ 
connectivity and communication activity in OSN. Drawing on these two research 
streams, we finally identify the research gap. 
III.2.2.1 Problem Context 
Boyd and Ellison (2007, p. 211) define OSN as “[…] web-based services that allow 
individuals to (1) construct a public or semi-public profile within a bounded system, (2) 
articulate a list of other users with whom they share a connection, and (3) view and 
traverse their list of connections and those made by others within the system”. Aroused 
by the web 2.0 boom, OSN have evolved into a mass medium, where users present 
themselves to a broad public and establish or maintain connections to other users. 
Hence, OSN provide a basis for “[…] maintaining social relationships, for finding users 
with similar interests, and for locating content and knowledge that has been contributed 
or endorsed by other users” (Mislove et al. 2007, p. 29). Particularly the aspect of 
networking, i.e., establishing and maintaining connections between users, plays a 
decisive role. Thereby, the visibility and searchability of the users’ social network of 
friends, or at least acquaintances, is a distinctive feature of OSN. Thus, OSN can “[…] 
create substantial value for the individuals who participate in them, the organizations 
that sponsor them, and the larger society in multiple ways” (Agarwal et al. 
2008, p. 243). However, the majority of OSN relying on advertisement based and/or 
two-tiered business models face the challenge to tap the enormous potential originated 
by the dramatic increase in the popularity of OSN in order to generate sustainable 
revenues (Clemons 2009; Lu and Hsiao 2010). Therefore, approaches for the 
identification of key users in OSN are needed to enable for instance more effective 
advertising strategies (e.g., viral marketing campaigns, targeted marketing) and 
sophisticated customer loyalty programs by addressing users deliberately (Bampo et 
al. 2008; Xu et al. 2008; Xu et al. 2009). In this context, literature indicates that 
particularly users’ connectivity based on social structures in the network and users’ 
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communication activity are essential (Ganley and Lampe 2009; Kiss and Bichler 2008; 
Staab et al. 2005; de Valck et al. 2009; Willinger et al. 2009). 
III.2.2.2 Users’ Connectivity in Online Social Networks 
Users’ connectivity in OSN is primarily based on the structural characteristics of the 
network, i.e., patterns of connections among users (cf. Oinas-Kukkonen et al. 2010). 
Prior research suggests that a user’s connectivity plays a decisive role for the 
identification of key users in OSN. Wen et al. (2009) for instance point out that a user’s 
connectivity in the whole network could be a significant factor that may impact 
advertising effectiveness in OSN. This is underpinned by further studies, which 
illustrate that well-connected users, i.e., users with many direct and indirect 
connections to other users, are particularly important for OSN, as they can be highly 
relevant for the promotion of brands, products, and viral marketing campaigns 
(Domingos and Richardson 2001; Kiss and Bichler 2008; Staab et al. 2005; de Valck et 
al. 2009). Moreover, well-connected users tend to be more loyal, as for example every 
additional direct or indirect connection raises a user’s barrier to leave the network 
(Algesheimer and von Wangenheim 2006; Xu et al. 2009). Thus, a user’s connectivity 
based on the structural characteristics of the network needs to be considered when 
identifying key users in OSN. 
In general, structural characteristics have been extensively studied for instance to 
understand and explain human behavior in multiple social networks (Monge and 
Contractor 2003; Nohria and Eccles 1992; Shapiro and Varian 1999). Thereby, 
particularly interesting elements in the context of OSN include social capital (Burt 1992; 
Granovetter 1974) and embeddedness (Saxenian 1994; Uzzi 1997). The structure 
invoked by the binary connections among users in OSN is mostly perceived as a set of 
nodes (users), and a set of undirected edges (ties or in the following social links) 
connecting pairs of nodes (Adamic and Adar 2003; Bampo et al. 2008). These nodes 
and undirected edges determining the network structure can be represented by a 
graph (Wasserman and Faust 1994), as shown in Figure III.2-1. 
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Figure III.2-1. Visualization of the network structure (social graph) 
Since this graph is based on binary social links among users irrespective of their actual 
interactions, it is usually called social graph (Benevenuto et al. 2009; Wilson et al. 
2009). Its visualization especially highlights so-called hubs (Bampo et al. 2008), i.e., 
users who have an exceedingly large number of social links to other users. Users who 
are in such a hub position (Constant et al. 1996) are characterized by a great potential 
for communication and interaction within networks. Hence, OSN allow users to draw on 
resources from others in the network and to leverage connections from multiple social 
and geographically dispersed contexts (Haythornthwaite 2002). Thereby, the whole 
network structure, i.e., direct and indirect connections, plays a decisive role when 
identifying key users in OSN. Kiss and Bichler (2008) for example emphasize that a 
connection to a user with many connections is more valuable than to a user with only 
one or no further connection. Therefore, direct and indirect connections need to be 
considered when identifying key users in OSN. 
Approaches for the identification of important nodes that consider direct and/or indirect 
connections in networks can be found not only in social network analysis, but also in 
many other fields for instance in biology for the identification of genes (e.g., Özgür et 
al. 2008) or in scientometrics for the ranking of scientific journals (e.g., Bollen et al. 
2006). These approaches’ interpretations highly depend on the particular context 
(Borgatti 2005; Borgatti and Everett 2006; Freeman et al. 1980). For the specific 
context of social networks, several measures have been suggested to identify 
influential and prestigious nodes (Bonacich 1972; 1987; Scott 2000; Wasserman and 
Faust 1994). Additional measures indicate the social influence of nodes on other nodes 
in a network (Friedkin 1991) or assess a node’s integration into a network (Valente and 
Central Node (Hub)
Edge (Social Link)
Node (User)
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Foreman 1998). The three most common centrality measures to quantify the centrality 
of a certain node in social networks are presented in Freeman’s article “Centrality in 
Social Networks: Conceptual Clarification” (Freeman 1979): Degree centrality, 
closeness centrality, and betweenness centrality. The first centrality measure called 
degree centrality represents the simplest instantiation of centrality, assuming that a 
node with many direct connections to other nodes is central to the network. The 
second measure named closeness centrality expands the definition of degree centrality 
by focusing on how close a node is to all other nodes in the network. The idea behind 
the third measure referred to as betweenness centrality is that if a node is more often 
on the shortest paths between other nodes, it is more central to the network. A fourth 
popular centrality measure, namely eigenvector centrality, is proposed by Bonacich 
(1972). Eigenvector centrality extends the logic of degree and closeness centrality, 
since a node’s connectivity in the whole network is incorporated (Bolland 1988). Thus, 
eigenvector centrality tries to quantify the centrality of a node in terms of the global or 
overall structure of the network, and pays less attention to local patterns (Hanneman 
and Riddle 2005). To calculate the centralities of the nodes in the network, eigenvector 
centrality uses the primary eigenvector of a graph’s adjacency matrix (Rodriguez 
2008). Thereby, the adjacency matrix represents, which nodes of the graph are 
adjacent, i.e., connected by an edge (the formal representation of a graph’s adjacency 
matrix can be found in section III.2.3). For a detailed description of how to calculate 
eigenvector centrality and the primary eigenvector see for instance Kiss and Bichler 
(2008) or Newman (2003b). The primary eigenvector has been applied extensively to 
rank nodes in all types of networks. It has been used for instance for the ranking of 
web pages (Brin and Page 1998; Kleinberg 1998; Xing and Ghorbani 2004) and to 
evaluate the influence of scientific journals (Bollen et al. 2006; Pinski and Narin 1976), 
articles, and authors (Ding et al. 2009; Liu et al. 2008). These approaches 
acknowledge explicitly that not all connections are equal, as connections to nodes that 
are themselves influential are assumed to lend a node more influence than 
connections to less influential nodes (Newman 2003b). Therefore, the concept 
underlying eigenvector centrality qualifies particularly for the quantification of a user’s 
connectivity in OSN. Thus, approaches based on the primary eigenvector can be 
conducive to the identification of key users in OSN. 
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III.2.2.3 Users’ Communication Activity in Online Social Networks 
Latest studies show that not only the structural characteristics underlying a user’s 
connectivity, but also the user’s communication activity, i.e., the exchange of 
information for instance via messages or wall posts, is highly relevant for advertising 
effectiveness, a user’s loyalty, and a user’s willingness to pay for services in OSN 
(Cheung and Lee 2010; Ganley and Lampe 2009; Oestreicher-Singer and Zalmanson 
2009). Hence, users’ communication activity among each other plays an important role 
for the identification of key users in OSN. Prior research emphasizes the importance of 
users’ communication activity: “No matter what resources are available within a 
structure, without communication activity those resources will remain dormant, and no 
benefits will be provided for individuals” (Butler 2001, p. 350). Ridings and Wasko 
(2010) further illustrate, how users’ retention in online discussion groups increases as 
communication activity rises. Moreover, recent work in the context of OSN indicates 
that the value of OSN lies in the communication activity between users (Krasnova et al. 
2009; Willinger et al. 2009). Xu et al. (2008, p. 14) for instance emphasize “[…] that 
interaction information is invaluable to marketers, more important than the static links”. 
Thus, a user’s communication activity should be considered when identifying key users 
in OSN. 
However, high levels of communication activity cannot be taken for granted (Cummings 
et al. 2002). Thus, prior studies focus on the network that is based on users who 
actually interact rather than on users connected by mere social links. This network is 
usually called activity network (Viswanath et al. 2009) and the resulting graph is 
referred to as activity graph (Nazir et al. 2008). Thereby, nodes represent users and 
usually directed edges (activity links) represent communication activity between pairs 
of users. Here, an edge from node A to B exists if and only if the nodes A and B 
interacted directly with each other in a way that communication activity was initiated by 
node A and received by node B. Thus, the activity graph is a visual representation of 
communication activity among nodes in the network irrespective of their social 
relations. While previous studies on activity networks examined instant messengers or 
telecommunication networks (Leskovec and Horvitz 2008; Onnela et al. 2007), initial 
studies in the context of OSN indicate that the activity graph can provide a sound basis 
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for the identification of key users in OSN (Chun et al. 2008; Wilson et al. 2009). 
In the activity graph of an OSN all edges between nodes are the same, regardless 
whether the corresponding users have a strong connection (i.e., interact frequently) or 
a weak connection (i.e., interact infrequently). However, literature states that there may 
be stronger and weaker connections between users in social networks (Newman 2004) 
and in OSN particularly (Gilbert and Karahalios 2009; Kahanda and Neville 2009; Wen 
et al. 2009; Xiang et al. 2010). In general, strong connections between users are for 
instance more likely to be activated for information flow and more influential (Brown 
and Reingen 1987). In contrast, weak connections provide people with access to 
information and resources beyond those available in their social circle (Granovetter 
1973; 1983) and bridge cliques of strong connections (Constant et al. 1996). Further 
studies emphasize that the strength of connections facilitates awareness in the context 
of electronic referrals (de Bruyn and Lilien 2008) and that the influence of a reference 
group and word of mouth recommendations strongly depends on the strength of 
connections (de Valck et al. 2009). In the context of OSN, for instance Wen et al. 
(2009, p. 2) conclude that the strength of connections “[…] denotes an irresistible 
element for [...] advertising”. Nevertheless, previous work on activity graphs in OSN 
does often not distinguish between strong and weak connections and leaves 
exploration of this facet to future work (Nazir et al. 2008; Viswanath et al. 2009; Wilson 
et al. 2009). Only a few authors consider the strength of connections based on users’ 
activity when identifying important nodes in customer networks (Kiss and Bichler 2008) 
or when comparing structural characteristics of social graphs and weighted activity 
graphs in OSN (Chun et al. 2008). In order to distinguish between strong and weak 
connections, these studies started to examine each connection’s communication 
activity level. In this context, communication activity can be any sort of interaction 
among users facilitated by methods provided by OSN, for example messages or wall 
posts (cf. Schneider et al. 2009). Since almost every OSN provides such infrastructure 
for communication and transfer of information, the record of communication activities 
between users can be used to identify which activity link can be considered as strong 
and weak, respectively (Xiang et al. 2010). Thus, the strength of a user’s activity link 
can be a measure of intensity, duration, intimacy, or exchange of information between 
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users (Barrat et al. 2004; Granovetter 1973). Furthermore, in accordance to the above 
mentioned findings from research on users’ connectivity, Benevenuto et al. (2009, 
p. 50) discovered that users do not only interact with directly connected users, but also 
have significant exposure to users “[…] that are 2 or more hops away […]”. Therefore, 
not only a user’s communication activity represented by the activity graph but also the 
strength of a user’s direct and indirect activity links based on each activity link’s 
communication activity level should be incorporated when identifying key users in 
OSN. 
III.2.2.4 Research Gap 
Multiple authors emphasize the importance of both a user’s connectivity and activity in 
OSN (Ganley and Lampe 2009; Staab et al. 2005; de Valck et al. 2009; Willinger et al. 
2009). However, to the best of our knowledge, quantitative approaches for the 
identification of key users in OSN bringing together concepts and findings from both 
research streams are missing. Therefore, we merge concepts from research on users’ 
connectivity and on users’ communication activity in order to identify key users in OSN. 
Figure III.2-2 summarizes the previously introduced concepts and findings from 
research on users’ connectivity and users’ communication activity and highlights which 
aspect of the novel PageRank based approach that is developed in the following 
section is informed by which research stream. 
 
Figure III.2-2. Novel PageRank based approach 
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III.2.3 Novel PageRank Based Approach 
For the identification of key users in OSN, we develop a novel PageRank based 
approach, which is composed of two steps. First, we derive a weighted activity graph. 
Thus, we incorporate users’ communication activity and the strength of users’ 
connections. The weighted activity graph provides the basis for our second step 
towards the identification of key users in OSN. Therefore, we design a PageRank 
based centrality measure to determine users’ centrality scores in terms of their 
connectivity in the weighted activity graph. Hence, we consider the structural 
characteristics of the network based on users’ communication activity and direct as 
well as indirect connections among users. In combination, the weighted activity graph 
and the PageRank based centrality measure add up to our novel PageRank based 
approach for the identification of key users in OSN, which merges concepts from 
research on users’ connectivity and communication activity in OSN (cf. Figure III.2-2). 
III.2.3.1 First Step: Deriving the Weighted Activity Graph 
The weighted activity graph constitutes the basis of our novel PageRank based 
approach. First, we define the basic concept of activity graphs. Afterwards, we adapt 
the activity graph for the identification of key users in OSN and extent the basic 
concept to account for the strength of users’ connections. Thereby, we finally derive 
the weighted activity graph. 
First of all, we define the activity graph as a graph that is based on users who actually 
communicate with each other instead on users who are connected by a static social 
link (cf. Chun et al. 2008; Nazir et al. 2008; Wilson et al. 2009). In the activity graph, a 
node represents a user and an edge (activity link) represents communication activity 
(e.g., a wall post, a message) between a pair of users. Thus, the activity graph differs 
from the social graph, as inactive social links are not considered in the activity graph. 
However, users who are not connected by a social link in the social graph can be 
connected by an activity link in the activity graph, if there has been communication 
activity between this pair of users. An example in Figure III.2-3 highlights the possible 
differences between a social graph and an activity graph. 
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Figure III.2-3. Example: social graph vs. activity graph 
For the identification of key users in OSN, we need to adapt the basic concept of 
activity graphs. As illustrated in the left picture of Figure III.2-3, activity links are usually 
assumed to be directed, since communication activity needs an initiator and a receiver. 
However, the direction of influence (e.g., word of mouth or peer pressure) through 
communication activity, which can lead to higher advertising effectiveness, users’ 
loyalty, and users’ willingness to pay for services in OSN, can be bidirectional. 
Theoretically, this influence can be classified according to social influence literature as 
informational social influence and normative social influence (Deutsch and Gerard 
1955). While informational social influence means that users rely on information 
provided by others, normative social influence describes the pressure or assumed 
need to align the own attitude with that of some other valued users (Bass 1969; Kraut 
et al. 1998; Wen et al. 2009). In the special case of OSN however, it is hard to tell if the 
initiator or the receiver of communication activity is more likely to be affected by each 
type of social influence. For instance, a user who writes a message on another user’s 
wall can either point attention to a brand, product, or service himself or he or she can 
be influenced by an advertisement placed on the other user’s profile (e.g., the user is 
member of a brand community, i.e., he or she declares himself as a fan of a certain 
brand). Or a user who receives a lot of messages can be more loyal and likely to stay 
in a network in almost the same manner than a user who sends a lot of messages. 
Thus, we model communication activity as undirected activity links to cover 
bidirectional social influence. Moreover, since pairs of users usually perform reciprocal 
communication activity, modeling undirected activity links represents to a great extent 
users’ communication behavior in OSN (Chun et al. 2008; Wilson et al. 2009). For 
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instance, for 65% of the users in the largest Facebook.com regional networks all 
interactions via wall posts were reciprocated (Wilson et al. 2009). Therefore, the loss of 
information by modeling undirected activity links is limited and the advantages of a 
bidirectional interpretability of social influence prevail. Hence, we model the activity 
graph for the identification of key users in OSN by using undirected activity links. 
Formally we define the activity graph according to graph theory as G = (V, E), where V 
denotes a set of nodes (users) and E a set of undirected edges (activity links) (cf. 
Albert and Barabási 2002; Wassermann and Faust 1994). Thereby, |V| = n represents 
the number of users in the OSN and |E| = m the number of undirected activity links 
between them. Two nodes i and j are called adjacent, if and only if they are connected 
by an activity link {i, j}  E. Thus, the activity graph can be represented by its 
symmetric adjacency matrix A = (aij)  {0; 1}
n x n, whose elements take the value 1 if an 
undirected activity link connects the nodes i and j, and 0 otherwise. Furthermore, we let 
t (with t = 1, 2, ...) determine a window of time, during which at least once 
communication activity between two nodes i and j must have occurred in order to 
create an activity link between them. Thereby, t denotes the number of periods (e.g., 
days) counted backwards from the point in time when the activity graph is constructed. 
To account for stronger and weaker activity links (cf. section III.2.2), we further extend 
our activity graph to include weights of the undirected activity links. Thereby, cij (with 
cij = 0, 1, ...) denotes the number of communication activities initiated by node i and 
received by node j during the time interval stipulated by t (Chun et al. 2008; Onnela et 
al. 2007). Respectively, cji (with cji = 0, 1, ...) constitutes the number of communication 
activities initiated by node j and received by node i. Thus, we define the weight wij of an 
undirected activity link between two users i and j as the number of communication 
activities between that pair of users: 
 jiijij ccw  . (III.2-1) 
Our weighted activity graph G’ = (V’, E’) can again be represented by a symmetric 
adjacency matrix, where A’ = (a’ij)
n x n, with 
 
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Thus, in contrast to the activity graph, our weighted activity graph does not only contain 
binary information about whether communication activity occurred at least once 
between two users i and j during the time interval stipulated by t (existence of an 
activity link), but also indicates the strength of activity links between users (cf. wij in 
formula (III.2-1)). Based on this definition, the weighted activity graph derived in the 
first step provides the basis for the second step of our novel PageRank based 
approach towards the identification of key users in OSN. 
III.2.3.2 Second Step: Determining Users’ Centrality Scores  
In the second step, we develop a PageRank based centrality measure to determine 
each user’s centrality score in terms of his or her connectivity in the weighted activity 
graph. Finally, sorting users by their centrality scores in descending order allows us to 
define a ranking of key users in OSN. 
For the determination of users’ centrality scores based on users’ connectivity in the 
weighted activity graph, we consider particularly approaches based on the primary 
eigenvector of a graph’s adjacency matrix. These approaches acknowledge explicitly 
that not all connections are equal (cf. section III.2.2). Connections to nodes that are 
themselves influential are rather assumed to lend a node more influence than 
connections to less influential nodes (Newman 2003b). Since the nodes’ connectivity in 
the whole network is incorporated (Bolland 1988), approaches based on the primary 
eigenvector try to find well-connected nodes in terms of the global or overall structure 
of the network, and pay less attention to local patterns (Hanneman and Riddle 2005). 
Thus, these approaches qualify particularly to rank nodes in a network. Consequently, 
approaches based on the primary eigenvector of a graph’s adjacency matrix have been 
applied extensively to calculate centrality scores in all types of networks. In single-
relational networks, i.e., networks with a data structure that can only represent a single 
type of relationship, such as social links or undirected activity links, the primary 
eigenvector can be computed using the power method. Thereby, the power method 
simulates the behavior of random walkers traversing the network. Hence, the nodes 
that have a higher probability of being traversed are the most central or important 
nodes in the network and gain consequently a higher centrality score (Brandes and 
Erlebach 2005). Single-relational networks can result in different types of graphs. First, 
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there can be strongly connected, aperiodic graphs, i.e., graphs that contain paths from 
all nodes to all other nodes, whose lengths are sufficiently long (Kemeny and Snell 
1960). In this type of graphs, for instance eigenvector centrality can be used to rank 
nodes (Bonacich 1987). However, graphs as our weighted activity graph G’ do not 
certainly fulfill these properties, as they are not always strongly connected or are even 
periodic, i.e., there exist isolated nodes (cf. Figure III.2-3). For this second type of 
graphs, the network’s topology can be altered, such that a “teleportation network” is 
overlaid with the graph G’ to construct an irreducible and aperiodic network (Rodriguez 
2008). This “teleportation network” introduces an artificial activity link with equal 
weights between all possible pairs of nodes, even if they are not connected according 
to our weighted activity graph G’. Thus, when there exists a non-zero probability of 
“teleportation” to every node in V’, the network becomes strongly connected (cf. 
Rodriguez 2008). This idea was introduced by Brin and Page (1998) who developed 
the well-known random web surfer model of the PageRank algorithm to rank web 
pages in the World Wide Web (WWW) (Brin and Page 1998; Page et al. 1999). 
PageRank interprets the web pages as nodes and directed edges represent the links 
between them. Thus, PageRank uses the link structure of the WWW as an indicator of 
an individual web page’s importance relative to other web pages by interpreting a link 
from web page A to web page B as a vote by web page A for web page B. Following 
Langville and Meyer (2004), the PageRank PR(i) for a web page i can be defined as: 
 
 
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
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)( , (III.2-2) 
such that ||PR||1=1 (||PR||1 denotes the L1 norm of PR). In formula (III.2-2), N is the 
total number of web pages in the network and Oj is the number of outgoing links from 
page j. Bi denotes the set of web pages pointing to web page i, and d (with 0 ≤ d ≤ 1) is 
a dampening factor that is usually set to 0.85 (cf. e.g., Langville and Meyer (2004) for a 
detailed derivation of the formula and the optimal dampening factor). As discussed 
before, methodically PageRank is based on the primary eigenvector of the underlying 
graph’s adjacency matrix. Therefore, in the second part of formula (III.2-2) web page i 
inherits a proportion of centrality from all web pages pointing to it, i.e., all web pages 
connected to i by ingoing links. To calculate the proportion, which web page i inherits 
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from each web page j in Bi, web page j’s rank PR(j) is divided by the number Oj of j’s 
outgoing links. Hence, web page j contributes equally to the centrality of all web pages 
it points to. Consequently, PR(i) not only depends on the quantity of links, but also on 
their qualities. Thus, PageRank deviates from degree, closeness, and betweenness 
centrality by modeling inherited or transferred status (Liu et al. 2008).  
Due to its characteristics, the general concept of PageRank seems to be appropriate 
regarding the identification of key users in OSN. However, for our context we need to 
adapt the PageRank formula by two modifications. First, a general difference between 
the WWW and our weighted activity graph in OSN exists. While links in the WWW are 
directed, the activity links in our weighted activity graph are considered to be 
undirected. To account for this distinction when identifying key users in OSN, we have 
to adapt the original PageRank formula accordingly by substituting the set Bi (set of 
web pages connected to i by ingoing, i.e., directed links) by a set Fi, which represents a 
set of users connected to i by undirected activity links. The second modification 
concerns the activity links’ weights. A reduction of the activity links’ weights to binary 
values as in the original PageRank formula would entail a severe loss of information 
(Newman 2004). We therefore have to define a modification of PageRank, which 
considers the undirected activity links’ weights. Our second modification is based on an 
adaption of the original PageRank’s assumption, that a node transfers its centrality 
evenly to all the web pages it connects to (cf. Xing and Ghorbani 2004). However, in 
our weighed activity graph the distribution should be determined by the level of 
communication activity between user i and the users it connects to (cf. section III.2.2). 
Therefore, we need to consider the weights wij of each undirected activity link as 
defined in formula (III.2-1). Thus, we remove the dominator Oj and the undirected 
activity link’s weight wij is added to account for strong and weak connections among 
users. Finally, we define the formula of our adapted PageRank based centrality 
measure S(i) for a user i as: 
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such that ||S||1=1.
III.2-1 We apply the PageRank based centrality measure to determine 
the centrality score S(i) for each user i based on his or her connectivity in the weighted 
activity graph. Thereby, we calculate the PageRank based centrality measure 
recursively. This procedure entails that a user ceteris paribus inherits a higher 
centrality score from a well-connected user than from a sparsely connected one. 
Consequently, the network structure and direct as well as indirect connections are 
considered. Moreover, a user j connected to i by an undirected activity link with a 
higher weight wij contributes more to i’s centrality score than a user connected by an 
undirected activity link with a lower weight. Hence, the PageRank based centrality 
measure accounts for the strength of connections based on each undirected activity 
link’s communication activity level. As the computation of the PageRank based 
centrality measure can be traced back to the problem of finding an eigenvector (cf. 
e.g., Brin and Page 1998) the computational complexity can be reduced to O(n2). 
Therefore, its computational complexity is manageable with today’s computing power. 
Thus, we developed a PageRank based centrality measure to calculate users’ 
centrality scores in terms of their connectivity in the weighted activity graph. Taken 
together, the weighted activity graph and the PageRank based centrality measure 
allow us to identify key users in OSN by sorting users in terms of their centrality scores 
in descending order. 
III.2.4 Demonstration and Evaluation 
To demonstrate and evaluate our novel PageRank based approach for the 
identification of key users in OSN, we use a publicly available dataset of the 
Facebook.com New Orleans Network. First, we introduce Facebook.com and the 
dataset. After validating that the dataset exhibits the OSN specific characteristics, we 
demonstrate the applicability of our novel PageRank based approach and evaluate it in 
comparison to existing approaches, which could be used to identify key users in OSN. 
Finally, we highlight and critically discuss limitations of our novel PageRank based 
approach. 
                                            
III.2-1
 Erratum: The formula has been stated wrongly in the original publication. The correct formula is:
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III.2.4.1 Facebook.com New Orleans Network Dataset 
Facebook.com is the largest OSN in the world with over 400 million active users, as of 
February 2010 (Facebook 2010). As many other OSN, Facebook.com allows users to 
set up personal profiles. These can include various information, for instance on users’ 
background (e.g., university, hometown), demographics (e.g., date of birth, gender), or 
personal interests (e.g., favorite music, sports). Furthermore, users are able to 
establish undirected social links by entering virtual “friendship relationships”. One of the 
most popular mechanisms for communication activity in many OSN in general and in 
Facebook.com in particular is a message board called “wall” that is included in every 
profile (Benevenuto et al. 2009; Wilson et al. 2009). Unlike personal messaging or 
email, wall posts are by default public, meaning that anyone with a Facebook.com 
account can initiate and receive wall posts. Furthermore, users’ history of wall posts 
can be accessed. However, users can set their wall to be private, so that for instance 
only users connected by a direct social link are able to access their wall. A special 
characteristic of Facebook.com is that users can join networks that represent schools, 
institutions, and geographic regions. Thereby, membership in regional networks is 
unauthenticated and open to all users. Since the majority of Facebook.com users 
belong to a regional network, and most users do not modify their default privacy 
settings, crawling regional networks allows researchers to cover a large fraction of a 
regional network’s users and social links among them (Wilson et al. 2009).  
For the demonstration and evaluation of our novel PageRank based approach, we use 
a dataset provided by Viswanath et al. (2009). This dataset focuses on the New 
Orleans Network in Facebook.com and consists of two parts. The first part includes a 
snapshot of the social network structure, i.e., a set of users and social links, which 
represent “friendship relationships” among these users. The second part of the dataset 
contains communication activity in terms of wall posts exchanged among the users 
covered in the first part of the dataset. To gather the social network structure, a crawler 
started from single users in the New Orleans Network and visited all connected users 
of these users and their connected users in a breadth first search (BFS) fashion during 
December 29, 2008 and January 3, 2009. This procedure is consistent with crawls in 
OSN conducted in prior studies (cf. e.g., Mislove et al. 2007). Earlier research on OSN 
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further indicates that the majority of users in the social graph are part of a single, large, 
weakly connected component (WCC) (Mislove et al. 2007). Since social links on 
Facebook.com are undirected, BFS crawling of social links is able to generate 
complete coverage of the WCC, assuming that at least one of the initial seeds of the 
crawl is linked to the WCC (Wilson et al. 2009). Prior research verifies that the only 
inaccessible users could be ones that lie outside the regional network of the crawl, 
ones who have changed their default privacy settings, or ones that are not connected 
to the WCC (Mislove et al. 2007; Wilson et al. 2009). Hence, 52% of the users in the 
New Orleans Network at the time of the crawl could be covered based on the statistics 
provided by Facebook.com (Viswanath et al. 2009). This corresponds to 90,269 users 
connected by 1,823,331 undirected social links. However, not all of these users made 
their wall public. Thus, the entire history of wall posts of a subset of 63,731 (70.6%) of 
the previously crawled users could be accessed. The first part of the dataset was 
therefore aligned and represents finally a subset of the Facebook.com New Orleans 
Network including these 63,731 users connected by 817,090 undirected social links. 
The second part of the dataset contains 876,687 wall posts initiated and received by 
these users. Wall posts initiated or received by users who are not included in the 
subset of 63,731 users are not covered. Each wall post in the second part of the 
dataset contains information about the initiator of the wall post, the receiver of the wall 
post, and the time at which the wall post was made. Overall, the wall posts span from 
September 14, 2004 to January 22, 2009. Taken together, the first and the second part 
of the New Orleans Network dataset represent the network structure and 
communication activity of a subnetwork of the Facebook.com New Orleans Network. 
Therefore, we are able to derive the social graph and the activity graph of this 
subnetwork. 
III.2.4.2 Characteristics of the Facebook.com New Orleans Network Dataset 
To validate that the New Orleans Network dataset exhibits the OSN specific 
characteristics, we examine the social graph as well as the activity graph and compare 
them to graphs used in prior research on OSN. For that purpose, we draw on the social 
graph derived from the first and the activity graph derived from the second part of the 
dataset. As described in the previous section, the social graph consists of 63,731 users 
Research Paper 3:  
III.2 “Identifying Key Users in Online Social Networks: A PageRank Based Approach” III.2-21 
 
 
connected by 817,090 undirected social links. To analyze whether the social graph is 
characteristic of an OSN, we determine the average path length, the average clustering 
coefficient, and the assortativity coefficient. Table III.2-1 provides an overview of the 
social graph’s statistics compared to social graphs from prior research on OSN. 
Table III.2-1. Comparison of social graphs’ statistics 
Network Users 
Undirected 
Social Links 
Path  
Length 
Clustering 
Coefficient 
Assortativity 
Coefficient 
10 Largest Regional Networks of 
Facebook.com (Wilson et al. 2009) 
10,697K 408,265K 4.89 0.164 0.166 
Orkut.com 
(Mislove et al. 2007) 
3,072K 223,534K 4.25 0.171 0.072 
Facebook.com New Orleans 
Network Dataset (Social Graph) 
63,731 817,090 4.32 0.221 0.177 
The average path length of 4.32, which is the average of all pairs’ shortest paths in the 
social graph, lends credence to the six degrees of separation hypothesis, i.e., that 
everyone is just a few steps apart in the global social network (Milgram 1967). This so-
called “small world” effect is typical for modern networks such as OSN (cf. Schnettler 
2009). Furthermore, the New Orleans Network dataset’s social graph has an average 
clustering coefficient of 0.221. This compares favorably with the average clustering 
coefficient of 0.164 in the ten largest regional networks in Facebook.com and 0.171 for 
Orkut.com. Since the average clustering coefficient is higher than those in either 
similarly sized random graphs or random power law graphs, our average clustering 
coefficient indicates a tightly clustered fringe that is characteristic of OSN (Mislove et 
al. 2007). Combined with the relatively low average path length, the average clustering 
coefficient suggests that our network fulfills the properties of a small world network 
(Watts and Strogatz 1998; Wilson 2009). The assortativity coefficient indicates the 
probability for users in a graph to link to other users with a similar number of direct 
connections. Thereby, an assortativity coefficient greater than zero indicates that users 
tend to connect with similar users in terms of their number of direct connections, while 
an assortativity coefficient less than zero denotes that users connect to dissimilar ones 
(Newman 2002). The assortativity coefficient value of 0.177 closely resembles those 
for other large OSN (Newman 2003a; Wilson 2009). Thus, connections between users 
with many direct connections in the social graph are numerous. This core of well-
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connected users forms the backbone of small world networks, which enables the highly 
clustered users at the edge of the network to achieve low average path lengths to all 
other users. To sum it up, the social graph derived from our New Orleans Network 
dataset is consistent with other social graphs used in prior research on OSN and 
exhibits the OSN specific characteristics. 
To derive the corresponding activity graph, we use the wall posts contained in the 
second part of the dataset, which represent the most popular form of communication 
activity between users in OSN (Benevenuto et al. 2009). As described before, the 
social graph was crawled during December 29, 2008 and January 3, 2009. For our 
activity graph, we use a fraction of 832,277 wall posts spanning from September 14, 
2004 to January 3, 2009. Thus, the end of the considered period of communication 
activity equals the date when the crawl of the underlying network structure ended. The 
remainder of 44,410 wall posts spanning from January 4, 2009 to January 22, 2009 
were written and received after the social structure was crawled. In the section after 
next, we evaluate our novel PageRank based approach in comparison to alternative 
approaches for the identification of key users in OSN, which are based on the social 
graph. Since we do not want to discriminate these approaches, we do not consider the 
remainder of wall posts for our activity graph. The activity graph G = (V, E) contains the 
same set of users V as the social graph, with |V| = 63,731 (cf. Figure III.2-3 for an 
example). These users are connected by a set of undirected activity links E, with 
|E| = 171,711. Thereby, an undirected activity link between a user A and a user B 
exists if and only if the users A and B interacted during September 14, 2004 and 
January 3, 2009 at least one time directly with each other, in a way that a wall post was 
initiated by user A and received by user B, or vice versa. 6,392 (3.7%) of these 
undirected activity links in our activity graph do not have a corresponding social link in 
the social graph. This equals to 191,980 (23.1%) wall posts exchanged via these 
activity links. This finding is in line with prior research on users communication activity 
in OSN. Benevenuto et al. (2009) for instance discovered that 22.0% of users’ wall 
posts in their Orkut.com dataset were exchanged between users, which were not 
connected by a social link in the social graph. To further examine the activity graph, we 
determine again the average path length (5.39), the average clustering coefficient 
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(0.109), and the assortativity coefficient (0.220). The activity graph’s statistics are in 
line with the little prior research on activity graphs in OSN. Wilson et al. (2009) for 
instance display average path lengths in the range of 5.00 to 7.00, average clustering 
coefficients between 0.030 and 0.080, and assortativity coefficients around 0.200. 
Chun et al. (2008) show similar properties and comparable correlations between their 
social graph’s and activity graph’s measurements. To sum it up, the activity graph 
derived from our New Orleans Network dataset is in line with prior studies on activity 
graphs in OSN. Since both the social and the activity graph exhibit the OSN specific 
characteristics, the New Orleans Network dataset provides a sound basis for the 
demonstration and evaluation of our novel PageRank based approach for the 
identification of key users in OSN. 
III.2.4.3 Demonstration of the Novel PageRank Based Approach 
We demonstrate the applicability of our novel PageRank based approach developed in 
section III.2.3 by using the New Orleans Network dataset. Thereby, we conduct the two 
major steps of the approach. In the first step, we derive the weighted activity graph as 
a basis for the identification of key users in the network. In the second step, we 
determine each user’s centrality score in terms of his or her connectivity in the 
weighted activity graph. Hence, we apply the PageRank based centrality measure 
developed in the previous section. Sorting users by their centrality scores in 
descending order allows us to define a ranking of key users based on the New Orleans 
Network dataset. 
First, we build the weighted activity graph on the basis of the collected dataset of the 
Facebook.com New Orleans Network. Therefore, we use the activity graph derived in 
the previous section and extend it to include weights for the undirected activity links. 
Consequently, the weighted activity graph contains 63,731 users, which are connected 
by 171,711 undirected activity links. Since the activity graph is based on wall posts 
spanning from September 14, 2004 to January 3, 2009, we set the parameter t of our 
weighted activity graph to t = 1,573 days. Thus, all wall posts initiated and received by 
the 63,731 users in the activity graph during that period of time are covered. To 
calculate each undirected activity link’s weight wij, we apply formula (III.2-1). Thereby, 
cij (respectively cji) denotes the number of wall posts initiated by user i and received by 
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user j (respectively initiated by user j and received by user i) between September 14, 
2004 and January 3, 2009. We represent our weighted activity graph as a symmetric 
adjacency matrix, where A’ = (a’ij)
63,731 x 63,731, with 
 
 
otherwise 0
, if 
'


 

Ejiw
a
ij
ij
. Based on the 
weighted activity graph, we calculate the centrality score S(i) of each user i in the 
second step. 
Therefore, we apply the PageRank based centrality measure defined in formula 
(III.2-3). For that purpose, we need to choose the dampening factor d first. When d 
takes a value close to 1, the measure places greater emphasis on the structure of the 
weighted activity graph and less on the teleportation network modeled in the first part 
of formula (III.2-3). However, higher values of d slow down the convergence of the 
power method (Langville and Meyer 2004). Moreover, Boldi et al. (2005) provided a 
mathematical analysis of different values for d, finding that values close to 1 do not 
give a more meaningful ranking than other high damping factors. Pretto (2002) further 
found that when d changes, the top section of the ranking changes only slightly. As we 
are especially interested in users with high centrality scores, i.e., the top section, the 
impact of the dampening factor’s choice is limited. Thus, we set the dampening factor 
to d = 0.85. This value is favorable in terms of computational performance and is also 
often considered as the default value for PageRank calculations in literature  
(cf. Langville and Meyer 2004). Finally, we calculate the centrality scores S(i) applying 
the PageRank based centrality measure. For that purpose, we use the software 
package “NetworkX” for the exploration and analysis of networks and network 
algorithms (cf. Hagberg et al. 2008). In conclusion, we derive a centrality score S(i) for 
every user i included in our weighted activity graph. By sorting these centrality scores 
in descending order, we receive a ranking of users. Based on this ranking of all users 
included in the New Orleans Network dataset, the key users in the network can be 
identified by choosing a designated top segment of the ranking. 
III.2.4.4 Evaluation of the Novel PageRank Based Approach 
Building on the ranking of identified key users in the network, we evaluate our novel 
PageRank based approach. As we highlighted in the introduction, in our context the 
term key user stands for users who can affect a large number of other users in terms of 
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marketing, users who are unlikely to leave an OSN or to become inactive, and/or users 
who are more likely to be willing to pay for premium services in an OSN. Here, we use 
users’ retention as evaluation criterion, since in particular “[…] retention of users […] 
[is] crucial to growth and survival of large online social networks” (Nazir et al. 2009, 
p. 65). Thereby, we define that a user is retained, if he or she stays active in the 
network. A user’s retention strongly affects the retention of other users in the network, 
since every additional connection raises users’ barrier to leave the network 
(Algesheimer and von Wangenheim, 2006). In addition, retained users are particularly 
valuable, as they support a sense of familiarity and community (Figallo 1998; Hagel III 
and Armstrong 1997; Wellman and Gulia 1999). Gan et al. (2009, p. 14) further 
illustrate, that as individuals become more involved in online communities, their “[…] 
habit effect strengthens”. Thus, users who are continuously retained, have a higher 
probability to remain involved “[…] as participation becomes more automatic” (Gan et 
al. 2009, p. 14). Finally, retained users are particularly important for OSN providers, 
since they can only leverage users, for instance for targeted marketing or premium 
services, if they stay active in the network. 
Based on users’ retention, we compare our novel PageRank based approach to 
existing approaches, which could also be used to identify key users in OSN. This 
comparison to alternative approaches, so-called “competing artifacts”, is integral to 
design science research (Hevner et al. 2004, p. 100). For our context, we consider the 
common centrality measures degree centrality, closeness centrality, and betweenness 
centrality. We do not employ eigenvector centrality, since graphs as social graphs and 
activity graphs are usually not connected and aperiodic graphs, as required for the 
calculation of eigenvector centrality (cf. section III.2.3). Even though the same holds 
true for closeness centrality, we computed closeness centrality for each connected part 
of the graphs separately for comparison reasons. However, the results indicate the 
bias when identifying key users based on closeness centrality in not connected and 
aperiodic graphs. Applying the common centrality measures to the social graph derived 
from the New Orleans Network dataset allows us to identify key users based on their 
connectivity in the network as it is common practice in social network analysis. Hence, 
we first evaluate our novel PageRank based approach in comparison to the application 
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of common centrality measures to the social graph (evaluation step 1). However, the 
application of common centrality measures to the social graph derived from the New 
Orleans Network dataset focuses solely on users’ connectivity, but does not 
incorporate users’ communication activity. Second, we evaluate our novel PageRank 
based approach in comparison to an approach, which is solely based on users’ prior 
communication activity in the network, but does not incorporate users’ connectivity 
(evaluation step 2). So far, we consider existing approaches taking either users’ 
connectivity or users’ communication activity into account. However, in contrast to the 
common centrality measures applied to the social graph and users’ prior 
communication activity, our novel PageRank based approach merges concepts from 
research on users’ connectivity and users’ communication activity. Even though 
existing approaches do not incorporate both aspects, we finally compare our novel 
PageRank based approach to the common centrality measures applied to the activity 
graph of the New Orleans Network dataset (evaluation step 3). Thus, we extend our 
evaluation by approaches, which are also based on both users’ connectivity and users’ 
communication activity. 
As basis for our three evaluation steps, we use the fraction of wall posts in the New 
Orleans Network dataset spanning from January 4, 2009 to January 22, 2009 to 
determine users’ retention. Thereby, following Java et al. (2007) and Kolari et al. 
(2007), we consider a user retained, if he or she wrote at least one wall post during this 
period. For evaluation step 1, we calculate the common centrality measures degree 
centrality, closeness centrality, and betweenness centrality for every user in the social 
graph of the New Orleans Network dataset by using the software package “NetworkX”. 
For each common centrality measure, we are therefore able to rank users based on 
each user’s corresponding centrality score, which represents his or her connectivity in 
the social graph. For evaluation step 2, we determine users’ prior communication 
activity. Therefore, we draw on users’ wall posts between September 14, 2004 and 
January 3, 2009. Thus, we rank users solely based on the number of wall posts, i.e., 
their prior communication activity. Gan et al. (2009, p. 7) refer to this cumulative 
number as “rank” in order to determine status in the context of online communities. To 
compare our novel PageRank based approach to the alternative approaches for the 
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identification of key users in OSN (evaluation steps 1-3), we use a method, which has 
been similarly applied in biology to evaluate competing approaches for the 
identification of genes (Özgür et al. 2008). Thereby, we create top segments of u 
identified key users in every ranking, which has been either derived by applying our 
novel PageRank based approach, by the common centrality measures applied to the 
social graph (evaluation step 1), by users’ prior communication activity (evaluation 
step 2), and by the common centrality measures applied to the activity graph 
(evaluation step 3). Afterwards, we compare the percentages of retained users in these 
segments to evaluate how many identified key users were actually retained. In 
Table III.2-2, we display segments of top u identified key users and the corresponding 
percentages of actually retained users for the common centrality measures applied to 
the social graph (evaluation step 1) and for the ranking by users’ prior communication 
activity (evaluation step 2). Table III.2-2 highlights that by applying our novel PageRank 
based approach, 92% of the top 100 identified key users were actually retained. 
However, the application of the common centrality measures applied to the social 
graph leads to 48% retained top 100 identified key users for degree centrality, 43% for 
closeness centrality, and 54% for betweenness centrality. Ranking users solely based 
on users’ prior communication activity resulted in 90% retained top 100 identified key 
users. Thus, Table III.2-2 illustrates that our PageRank based approach leads to better 
results for all top segments of identified key users than the common centrality 
measures applied to the social graph (evaluation step 1). Furthermore, also the 
percentages of retained identified key users compared to the ranking solely based on 
users’ prior communication activity are higher for every top segment (evaluation 
step 2). 
Table III.2-2.  Percentages of the actually retained top u identified key users 
(common centrality measures applied to social graph) 
Top u Identified 
Key Users 
PageRank 
Based 
Approach 
Degree 
Centrality 
Closeness 
Centrality 
Betweenness 
Centrality 
Prior 
Communication 
Activity 
100 92% 48% 43% 54% 90% 
500 87% 61% 55% 60% 84% 
637 (1%) 82% 62% 55% 58% 80% 
1000 86% 62% 55% 58% 83% 
6373 (10%) 65% 51% 48% 50% 61% 
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As the results presented in Table III.2-2 indicate, our novel PageRank based approach, 
which merges concepts from research on users’ connectivity and communication 
activity, identifies more users that are retained than approaches based on solely users’ 
connectivity (evaluation step 1) or users’ prior communication activity (evaluation 
step 2). However, these existing approaches do not incorporate both users’ 
connectivity and users’ communication activity. Thus, we finally compare our novel 
PageRank based approach to the common centrality measures applied to the activity 
graph derived from the New Orleans Network dataset (evaluation step 3). Thereby, we 
extend our evaluation by approaches, which also merge concepts from research on 
users’ connectivity and users’ communication activity. In Table III.2-3, we display 
segments of top u identified key users and the corresponding percentages of actually 
retained users. Thereby, we applied the common centrality measures degree centrality, 
closeness centrality, and betweenness centrality to the activity graph (evaluation 
step 3). To improve the clarity and comparability of Table III.2-3, we once more display 
the results of our novel PageRank based approach and of the solely prior 
communication activity based approach (evaluation step 2). 
Table III.2-3.  Percentages of the actually retained top u identified key users 
(common centrality measures applied to activity graph) 
Top u Identified 
Key Users 
PageRank 
Based 
Approach 
Degree 
Centrality 
Closeness 
Centrality 
Betweenness 
Centrality 
Prior 
Communication 
Activity 
100 92% 89% 80% 83% 90% 
500 87% 80% 72% 83% 84% 
637 (1%) 82% 76% 68% 78% 80% 
1000 86% 78% 71% 81% 83% 
6373 (10%) 65% 59% 52% 62% 61% 
Table III.2-3 illustrates that the common centrality measures identify more key users 
that are retained when they are applied to the activity graph. Nevertheless, our novel 
PageRank based approach still leads to better results than the common centrality 
measures applied to the activity graph (evaluation step 3). In order to test whether our 
results are significant, we ran a paired t-test. Thus, we came to the result that the novel 
PageRank based approach is significantly better than each of the other approaches in 
comparison (e.g., for the top 10% identified key users and α = 0.05). In addition, we 
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evaluated our novel PageRank based approach in comparison to the common 
centrality measures applied to the weighted activity graph derived from the New 
Orleans Network dataset. Therefore, we applied adapted common centrality measures, 
which have been extended to account for the activity links’ weights (cf. Barrat et al. 
2004). However, the application of weighted degree centrality, closeness centrality, 
and betweenness centrality to the weighted activity graph did not lead to better results 
than the ones of our novel PageRank based approach. 
Taken together, we evaluated our novel PageRank based approach regarding users’ 
retention in comparison to existing approaches, which are based on either users’ 
connectivity or users’ communication activity. Furthermore, we compared the novel 
PageRank based approach to approaches, which incorporate both users’ connectivity 
and users’ communication activity. Thereby, we illustrated that the proposed approach 
leads to significantly better results regarding the retained users for the New Orleans 
Network dataset than all approaches in comparison. Based on the evaluation using the 
New Orleans Network dataset, we believe that our novel PageRank based approach is 
better suited to identify key users in OSN than existing approaches, which could 
alternatively be used. 
III.2.4.5 Discussion and Limitations of the Novel PageRank Based Approach 
Besides the previously highlighted benefits, the underlying assumptions, the evaluation 
criterion and the real-world applicability of our novel PageRank based approach offer 
scope for discussion and implicate limitations. 
Due to its formal representation and the underlying assumptions, the approach does 
not entirely consider and formalize all aspects of social connections and 
communication activities. Users have for instance a broad variety of different purposes, 
motivations, and ways regarding their usage of OSN. While some focus on making new 
connections, many users try to find out more about offline contacts (cf. e.g., Lampe et 
al. 2006). Thereby, communication with offline contacts might also occur through other 
media or face to face. However, in our paper we focus on OSN and consider 
communication activity within an OSN but not interactions between users occurring 
beyond that network. In addition, our approach incorporates the number of 
communication activities (cf. weights wij in formula (III.2-2)) to quantify the strength of 
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connections between users but not the quality and the direction of the posts, messages 
etc. This fact might also be critical, since not only the number but also the quality and 
the direction of communication activities may influence the impact of a connection, for 
instance in terms of marketing. Moreover, the implicit assumption that users without 
communication activity have no influence on advertisement effectiveness, users’ 
loyalty, and users’ willingness to pay for services in OSN can be regarded as worth 
discussing. Hence, even though the number of users’ communication activities allows a 
first indication of the strength of connections, formalizing social phenomena such as 
social connections needs to be critically discussed. However, prior research and the 
evaluation of our approach indicate the exceptionally high importance of users’ 
communication activity in the context of OSN. Finally, we neglected any possible 
counterproductive and negative effects of high levels of users’ connectivity and 
communication activity.  
Taking users’ retention as evaluation criterion indicates that our novel PageRank 
based approach allows to identify key users who are likely to be retained. Based on 
literature we argued that these users are particularly important and valuable for OSN, 
since only retained users can be leveraged, for instance for targeted marketing or 
premium services. However, taking users’ retention as evaluation criterion is only one 
possibility towards evaluating our approach. According to the definition of key users 
stated above, other evaluation criteria – for instance users’ willingness to pay for 
premium services in an OSN – are also reasonable. Future work is encouraged to 
address this issue, for instance by surveying users for their willingness to pay for 
premium services and analyzing the results of all approaches in comparison using this 
evaluation criterion. Currently, we are cooperating with a German OSN provider, which 
allows us to further evaluate our novel PageRank based approach using advertisement 
revenues and users’ e-commerce revenues as evaluation criteria. In this context, we 
also analyze the costs and benefits when applying our novel PageRank based 
approach in practice and aim at conducting business cases with is an important future 
step to underline the practical benefit of the approach. 
Finally, besides the discussion on how OSN can create value, there is an ongoing 
debate about the privacy risks they involve (cf. e.g., Gross and Acquisti 2005; 
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Krasnova et al. 2009), which might influence the real-world applicability of our novel 
PageRank based approach. On the one hand, as users are becoming more and more 
aware and sensitive regarding privacy issues, they might change their behavior in 
OSN. Therefore, it is important to keep in mind that not only users’ connectivity and 
communication activity but also exogenous factors might have a strong impact on 
advertisement effectiveness, users’ loyalty, and users’ willingness to pay for services in 
OSN. On the other hand, new privacy practices and novel privacy protection directives 
might come up and reduce the available amount of data to conduct analyses etc. 
Against this background, the data requirements of approaches for the identification of 
key users in OSN have to be critically discussed. As the weighted activity graph 
constitutes the basis of our approach, data about the number of communication 
activities is required for each pair of users in the OSN. However, besides that, no 
personal data of the users (content of messages etc.) is needed, which is very 
important to preserve the applicability of the approach. Nevertheless, future changes 
regarding privacy control in OSN might pose new challenges here. 
III.2.5 Conclusion 
OSN face the challenge to tap the enormous potential originated by the dramatic 
increase in the popularity of OSN in order to generate sustainable revenues. In that 
context, particularly more effective advertising strategies and sophisticated customer 
loyalty programs to foster users’ retention are necessary. Therefore, quantitative 
approaches for the identification of key users in OSN are needed to address users 
deliberately and to enable for instance more effective and user centric marketing 
campaigns. In this paper, we propose a novel PageRank based approach bringing 
together concepts and findings from research on users’ connectivity and users’ 
communication activity in OSN. Related to the seven guidelines for conducting design 
science research articulated by Hevner et al. (2004), we can summarize as follows: We 
propose an “artifact” (cf. guideline 1) that is a method in terms of a PageRank based 
approach, which is composed of two steps. In the first step, a weighted activity graph is 
derived as basis for the identification of key users in OSN. In the second step, users’ 
centrality scores are determined by using a novel PageRank based centrality measure. 
For the design of our artifact, we specified our “problem context” and focused on 
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relevant literature regarding the identification of key users in OSN. Thereby, statements 
in literature support that the identification of key users in OSN is an “important and 
relevant business problem” (cf. guideline 2). Moreover, we reviewed prior research on 
users’ connectivity and communication activity in OSN. Drawing on these two research 
streams, we identified the research gap: Quantitative approaches for the identification 
of key users in OSN bringing together concepts and findings from research on users’ 
connectivity and users’ communication activity were missing. Thus, we developed a 
novel PageRank based approach to “[…] address an important organizational problem” 
(Hevner et al. 2004, p. 82). We believe that our artifact contributes as a first, but 
essential step to overcome the challenges faced by the majority of OSN. We 
“evaluated” our novel PageRank based approach (cf. guideline 3) regarding its 
applicability and its practical utility by using a publicly available dataset of 
Facebook.com. For the evaluation, we chose users’ retention as evaluation criterion 
and compared our novel PageRank based approach with “competing artifacts”, which 
could also be used to identify key users in OSN. Thus, we illustrated the advantages of 
our “research contribution” (cf. guideline 4), i.e., of our novel PageRank based 
approach. According to literature, we highlighted the importance of both users’ 
connectivity and users’ communication activity when identifying key users in OSN. We 
incorporated users’ communication activity and the strength of users’ connections in 
the first step of our approach by deriving a weighted activity graph. For the second step 
of our approach, we designed a PageRank based centrality measure to determine 
users’ centrality scores in terms of their connectivity in the weighted activity graph. 
Hence, we developed a first quantitative approach for the identification of key users in 
OSN bringing together concepts and findings from research on users’ connectivity and 
users’ communication activity in OSN and addressed the research gap stated above. 
The evaluation based on the Facebook.com New Orleans Network dataset illustrates 
that the novel PageRank based approach leads to (significantly) better results 
regarding the retained users than all other approaches in comparison. Therefore, the 
proposed approach, which allows to identify key users in OSN, seems to be quite 
promising and may contribute to overcome current challenges of OSN (e.g., regarding 
their monetization by enabling more effective advertising strategies etc.). Nevertheless, 
future work is needed and intended to further evaluate the approach. 
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To support a “rigorous” definition and presentation of our artifact (cf. guideline 5), we 
denoted it formally. Thereby, we drew on Hevner et al. (2004, p. 88), who state: “[…] to 
be mathematically rigorous, important parts of the problem may be abstracted […]”. 
This implicates assumptions and limitations of the approach, which were critically 
discussed. Future work should address these issues either by confirming our 
assumptions or by relaxing the assumptions when developing further approaches for 
the identification of key users in OSN. Furthermore, upcoming challenges, for instance 
due to changing privacy practices, need to be carefully observed and considered. 
Thus, the “search process” (cf. guideline 6) can be distinguished in present and future 
steps. In this paper we presented the initial design of a PageRank based approach for 
the identification of key users in OSN, which may represent a starting point for OSN to 
overcome the described challenges. Thereby, the design process was guided by 
existing literature and the identified main factors of influence, namely users’ 
connectivity and communication activity in OSN. Certainly, we abstracted quite strongly 
when initially designing our novel PageRank based approach. Future iterations need to 
relax assumptions and particularize and enhance the artifact accordingly. We are 
currently collaborating with a German OSN provider to additionally analyze our 
approach “in depth in business” (Hevner et al. 2004, p. 86) and to extend our basic 
approach for the identification of key users in OSN. Regarding the “communication” of 
our results (cf. guideline 7), we chose a formal, mathematical presentation in order to 
be able to demonstrate and evaluate our artifact in a rigorous and unambiguous way. 
However, we also tried to attract a managerial audience by means of the extensive 
explanations of the used concepts and formulas as well as detailed description of the 
application and the practical utility of our novel PageRank based approach. 
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Abstract: 
Many Online Social Networks do not generate sustainable revenues through 
advertising, even though active usage has reached enormous scales. To enable more 
effective advertising strategies in Online Social Networks, it is essential to identify 
users who can affect a large number of friends, acquaintances, or other users in the 
network. In this context, especially users’ future level of communication activity in the 
Online Social Network plays an important role. A highly active past, however, does not 
guarantee high levels of future communication activity. Thus, approaches for the 
prediction of users’ future level of communication activity are needed. Therefore, we 
transfer a probability-based method that has been primarily developed to forecast 
purchasing behavior of customers to the context of users’ communication activity in 
Online Social Networks. In addition, we demonstrate the method’s applicability and 
suitability by using a publicly available dataset of Facebook.com. 
Research Paper 4: “Predicting Users’ Future Level of Communication Activity  
III.3  in Online Social Networks: A First Step towards More Advertising Effectiveness” III.3-2 
 
 
III.3.1 Introduction 
In the last couple of years, Online Social Networks (OSN) have become popular 
Internet platforms that connect people around the globe. Thereby, the active usage of 
OSN has reached enormous scales: In March 2010, the OSN Facebook.com 
surpassed Google.com to become the most visited website of the week in the US 
(Dougherty 2010), while a few months later, the number of active users of 
Facebook.com exceeded 500 million (Facebook 2010). According to a recent study, 
two-thirds of the US Internet users already visit OSN each month, with 43% of them 
using OSN more than once a day (Alison 2010). Thus, the phenomenon OSN has 
evolved into a global mainstream medium that generates an increasing social and 
economic impact. 
However, many OSN face the question of how to leverage on their fast growing 
popularity to achieve sustainable revenues (Heidemann et al. 2010). Nowadays, the 
majority of OSN relies on an advertisement-based business model (Gnyawali et al. 
2010). Nevertheless, many OSN do not generate sustainable revenues through 
advertising: Even though the worldwide advertisement spending on OSN is expected to 
grow from US$ 2.0 billion in 2008 to US$ 3.5 billion in 2013 (Williamson 2009), OSN 
often do not know how to unleash this potential (Clemons 2009; Lu and Hsiao 2010). 
Therefore, more effective advertising strategies in OSN are needed in order to remain 
financially viable (Wen et al. 2009; Xu et al. 2008).  
To tap the enormous potential originated by the dramatic increase in the popularity of 
OSN, particularly the identification of users who can affect a large number of friends, 
acquaintances, or other users in an OSN is essential (Heidemann et al. 2010; Hill et al. 
2006). Such users can for example be addressed in marketing campaigns to achieve a 
high awareness of a product or service. This strategy is often referred to as network-
based marketing, word-of-mouth marketing, or viral marketing (cf. e.g., Brown et al. 
2007; Hill et al. 2006; Lee et al. 2009). The underlying key assumption is that users 
propagate “positive” information about a product or service after they have either been 
made aware by traditional marketing techniques or experienced it by themselves (Hill 
et al. 2006). In this context, Ray et al. (2010) found “[…] that people in the US generate 
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more than 500 billion online impressions on each other regarding products and 
services”. However, as only “[…] 16% of online consumers generate 80% of these 
impressions” (Ray et al. 2010), only a subset of users is particularly valuable for 
marketers (Trusov et al. 2010). For the identification of these users, especially users’ 
future level of communication activity, i.e., each user’s number of future communication 
activities, plays an important role (Cheung and Lee 2010; Hoffman and Fodor 2010; 
Willinger et al. 2010; Xu et al. 2008). But even though some users might have been 
highly active in the past, high levels of future communication activity cannot be taken 
for granted (Cummings et al. 2002; Viswanath et al. 2009). Hence, approaches for the 
prediction of users’ future level of communication activity are needed, which might 
serve as a first step towards more effective advertising strategies in OSN. However, to 
the best of our knowledge, approaches for predicting users’ future level of 
communication activity in OSN are missing. Therefore, we transfer a probability-based 
method, which has been primarily developed by Fader et al. (2005), to forecast 
purchasing behavior of customers, to the context of users’ communication activity in 
OSN. In addition, we demonstrate the practical applicability of the method and evaluate 
its suitability for predicting users’ future level of communication activity in OSN by using 
a dataset of Facebook.com. 
After the discussion of the general relevance of the problem and its motivation within 
this introduction, we specify the problem context and review prior research on users’ 
communication activity in OSN. Thereby, we identify our research gap. Afterwards, we 
propose our artifact as a probability-based method. In the penultimate section, we 
illustrate the method’s practical applicability and suitability to predict users’ future level 
of communication activity in OSN. Finally, we conclude with a summary of the results 
and an outlook on future steps. 
III.3.2 Problem Context and Related work 
OSN are a particular type of virtual communitiesIII.3-1 (Dwyer et al. 2007). According to 
Boyd and Ellison (2007, p. 211), we define OSN as “[…] web-based services that allow 
                                            
III.3-1
 A definition of virtual communities can be found in Leimeister et al. (2004). While Dwyer et al. (2007) and Boyd 
and Ellison (2007) use the term Social Networking Site, we are using the term OSN throughout the paper 
synonymously. 
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individuals to (1) construct a public or semi-public profile within a bounded system, 
(2) articulate a list of other users with whom they share a connection, and (3) view and 
traverse their list of connections and those made by others within the system”. Current 
OSN are primarily used for maintaining existing relationships from an offline context, 
although they also allow for creating pure online relationships (Ellison et al. 2007; 
Lampe et al. 2006). Especially the visibility and searchability of the users’ relationships 
is a distinctive feature of OSN. Thus, OSN can “[…] create substantial value for the 
individuals who participate in them, the organizations that sponsor them, and the larger 
society in multiple ways” (Agarwal et al. 2008, p. 243). The majority of OSN that rely on 
the advertisement-based business model, however, face the challenge to tap the 
enormous potential originated by the dramatic increase in the popularity of OSN in 
order to generate sustainable revenues (Clemons 2009; Lu and Hsiao 2010). 
Therefore, more effective advertising strategies are needed (Wen et al. 2009; Xu et al. 
2008). Word-of-mouth marketing, for example, “[…] is known to be the most effective 
form of advertising, but, until recently, was the most expensive […]” (Jacks and Salam 
2009, p. 2). In contrast, word-of-mouth and targeted marketing can be much more 
efficient and cost-effective in OSN (Trusov et al. 2009; Zhang et al. 2010). However, 
only a small subset of users has actually significant influence on other users (Trusov et 
al. 2010). Thus, the identification of the most influential users is necessary to enable 
more effective advertising strategies in OSN (Heidemann et al. 2010; Trusov et al. 
2010; Zhang et al. 2010). In this context, literature indicates that particularly the 
identification of users with high levels of future communication activity is essential 
(Cheung and Lee 2010; Hoffman and Fodor 2010; Willinger et al. 2009; Xu et al. 2008). 
Communication activity in OSN can be any sort of interaction among users facilitated 
by methods provided by OSN, such as messages or wallposts (cf. Wilson et al. 2009). 
Prior work emphasizes the importance of users’ communication activity: “No matter 
what resources are available within a structure, without communication activity those 
resources will remain dormant, and no benefits will be provided for individuals” (Butler 
2001, p. 350). Recent work supports that the value of OSN lies in the communication 
activity between users (Krasnova et al. 2009; Willinger et al. 2009). Latest studies 
further show that user’s communication activity is highly relevant for advertising 
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effectiveness in OSN (e.g., Cheung and Lee 2010; Ganley and Lampe 2009). The 
record of communication activities between users in OSN can be used to identify users’ 
with high levels of communication activity in the past (Xiang et al. 2010). However, 
prior research found that users who have been highly active in the past are not 
necessarily highly active in the future (Cummings et al. 2002; Viswanath et al. 2009). 
Hence, approaches for the prediction of each user’s future level of communication 
activity need to “[…] abandon the traditional treatment of OSNs as static networks […]” 
(Willinger et al. 2010, p. 49) and incorporate the dynamic of communication activity in 
OSN. 
Plenty of research addressing the dynamic nature of OSN can be found with respect to 
network structures in OSN. Thereby, previous studies focus on the evolution of network 
structures in general (for an overview cf. Dorogovtsev and Mendes 2003) and the 
establishment of static social links, i.e., friendship relationships, between users in 
particular (e.g., Liben-Nowell and Kleinberg 2007). However, Xu et al. (2008, p. 14) 
emphasize “[…] that interaction information is invaluable to marketers, more important 
than the static links”. Consequently, some studies take into account the dynamic nature 
of OSN and users’ communication activity: De Choudhury et al. (2007), for example, 
determine the intent to communicate and the communication delay between users 
based on several contextual factors in OSN, such as the relevance of a topic. 
Therefore, it is first assumed that a user receives a message. Second, the likelihood 
that the receiver will communicate with the sender on a particular topic and the delay in 
communication are predicted. However, to the best of our knowledge existing 
approaches do not allow for determining conditional expectations about users’ future 
level of communication activity in OSN on an individual-level, i.e., making predictions 
about each user’s future level of communication activity given information about his or 
her past communication activity. Thus, approaches for predicting users’ future level of 
communication activity in OSN are missing. 
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III.3.3 Method 
For predicting users’ future level of communication activity, we draw on a probability-
based method that has been primarily developed by Fader et al. (2005) to address a 
very similar problem, i.e., to forecast purchasing behavior of customers. This beta-
geometric/negative binomial distribution (BG/NBD)-based method goes back to the 
highly regarded “counting your customers” framework introduced by Schmittlein et al. 
(1987). In the following, we discuss the BG/NBD-based method as possibility to predict 
users’ future level of communication activity in OSN. 
First, it is assumed that a user i{1,2,...,N} is active at t0i=0. This will generally be 
satisfied if we take t0i as the point of time at which the user’s initial communication 
activity occurred. Furthermore, the BG/NBD-based method requires three pieces of 
information about each user, represented by (Xi=xi,txi,Ti). Thereby, xiIN denotes the 
“frequency”, i.e., the number of communication activities after the initial communication 
activity within the observation period (0,Ti], txiIR
+ (with 0≤txi≤Ti) is the “recency”, i.e., 
the point of time of the last communication activity (if xi=0 then txi=0), and TiIR
+ 
represents the length of the observation period, i.e., the time between the initial 
communication activity and the end of the observation period. Notice, that the relation 
between the period (0,Ti] and calendar time will vary from user to user depending on 
when the user’s initial communication activity occurred. Based on this information, we 
aim to predict each user’s future level of communication activity during the forecasting 
period of length ti (cf. Figure III.3-1). 
 
Figure III.3-1. A user’s communication activity over time 
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To predict the future level of a user’s communication activity, assumptions about the 
communication activity process and the time that users stay active are needed (cf. 
Fader et al. 2005; Schmittlein et al. 1987): 
Assumption 1 (Users’ communication activity): 
While being active, each user i’s communication activity during a forecasting period 
of length ti follows a homogeneous Poisson process with rate λiIR
+. This is 
equivalent to assuming that the time between communication activities is distributed 
exponentially with rate λi and mean λiti (Fader et al. 2005). 
Even though the Poisson assumption has a long validated history for frequently 
purchased consumer goods (Ehrenberg 1972) and is often used to describe aspects of 
human activity (Malmgren et al. 2008), the transferability to the context of online 
communication behavior is also critically discussed (Malmgren et al. 2009). Particularly 
circadian cycles, i.e., for example some people’s habit to answer e-mails only in the 
morning and the evening, are reported to lead to heavy-tailed power-law distributions 
of inter-communication times (cf. Malmgren et al. 2008). However, many studies 
confirm the applicability of a homogeneous Poisson process for modeling repeated 
communication behavior within these cycles, i.e., referring to our example stated 
above, while being in one session of answering e-mails (e.g., in the morning) 
(Malmgren et al. 2009). In a first approximation, we assume that users in OSN are in 
only one cycle while being active and thus a homogeneous Poisson process qualifies 
for modeling users’ communication activity in OSN. After each communication activity, 
there is a certain probability that a user becomes inactive and does not continue to 
communicate within the OSN: 
Assumption 2 (Users’ probability of becoming inactive): 
After any communication activity, user i becomes inactive with probability pi[0;1]. 
The point at which the user “drops out” is distributed across communication activities 
according to a (shifted) geometric distribution with probability mass function: 
P(inactive immediately after jth communication activity)=pi(1-pi)
j-1, with j=1,2,3,.... 
This assumption is supported by prior work on customer retention in general (cf. Fader 
and Hardie 2007) and the dropout process of users in OSN in particular (cf. Ahmed et 
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al. 2010). As there are users with high and users with low levels of communication 
activity as well as users with high probability to drop out and vice versa, some 
heterogeneity assumptions are mandated. The gamma distribution is a flexible 
distribution and can capture the spirit of most of the reasonable distributions on λ i and 
pi (cf. Fader et al. 2005; Schmittlein et al. 1987): 
Assumption 3 (Heterogeneity in users’ communication activity): 
Heterogeneity in λi follows a gamma distribution with shape parameter rIR
+, scale 
parameter αIR+, and probability density function: 
 ƒ(λi|r,α)=(α
rλi
r-1e-λiα)/Γ(r), with λi>0. (III.3-1) 
Assumption 4 (Heterogeneity in users’ probability of becoming inactive): 
Heterogeneity in pi follows a beta distribution with probability density function: 
 ƒ(pi|a,b)=pi
a-1(1-pi)
b-1/B(a,b), with 0≤pi≤1, (III.3-2) 
where B(a,b) with aIR+ and bIR+ is the beta function, which can be expressed in 
terms of gamma functions, i.e.: 
 B(a,b)=Γ(a)Γ(b)/Γ(a+b). 
Finally, there is no a priori reason to favor a positive correlation between users’ future 
communication activity and their probability to drop out over a negative correlation. On 
the one hand, users with high levels of communication activity may have more frequent 
opportunities to be disenchanted by the OSN (e.g., due to privacy concerns, system 
malfunctions) and drop out. On the other hand, these users are probably more strongly 
attached to the OSN and hence less easily disenchanted. Hence, neglecting 
interdependencies seems to be a reasonable first approximation: 
Assumption 5 (Independence of user’s communication activity and probability of 
becoming inactive):  
 The transaction rate λi and the dropout probability pi vary independently across 
users. 
With the random variable Y(ti) denoting the number of a user i’s future communication 
activities initiated in the forecasting period of length ti, we finally aim to derive the 
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expected number of a user’s future communication activities by computing the 
conditional expectation E(Y(ti)|Xi=xi,txi,Ti) for a user i with observed behavior 
(Xi=xi,txi,Ti). However, λi and pi (cf. assumptions 1 and 2) are unobserved. While there 
is usually not enough observed user-specific behavior to reliably estimate these 
parameters for each user, there is generally enough information to estimate the 
distribution of (λi,pi) over all users. Hence, we can derive the desired probabilities for a 
randomly chosen user by taking the expectation of the individual-level results over the 
mixing distributions for λi and pi as given in formulas (III.3-1) and (III.3-2) (cf. Fader et 
al. 2005). Thus, the four BG/NBD parameters (r, α, a, b) (cf. assumptions 3 and 4) can 
be estimated via the method of maximum likelihood. For N users, the sample log-
likelihood function is given by (cf. Fader et al. 2005): 
     


N
i
ixii TtxXbarLbarLL i
1
,,,,,ln,,,  , (III.3-3) 
which can be maximized by using standard numerical optimization routines. Thereby, 
L(r,α,a,b|Xi=xi,txi,Ti) represents the likelihood function for a single user i, which can be 
derived according to formula (6) in Fader et al. (2005). Afterwards, we can calculate 
the expected number of each user’s communication activities in the forecasting period 
of length ti by (for a detailed derivation of the formula cf. Fader et al. 2005): 
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where 2F1(.) is the Gaussian hypergeometric function, which can be closely 
approximated with a polynomial series, and δxi>0=1 if xi>0, 0 otherwise (cf. Fader et al. 
2005). By calculating the expected number of each user i’s future communication 
activities, users’ future level of communication activity in OSN can be predicted. In the 
following, we demonstrate the method’s practical applicability and evaluate its 
suitability for predicting users’ future level of communication activity. 
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III.3.4 Demonstration and Evaluation 
As many other OSN, Facebook.com allows users to set up personal profiles and to 
establish undirected social links by entering virtual friendship relationships. One of the 
most popular mechanisms for communication activity within OSN in general and 
Facebook.com in particular is a message board called “wall” that is included in each 
profile (Wilson et al. 2009). 
For the demonstration and evaluation of the BG/NBD-based method for predicting 
users’ future level of communication activity, we use a publicly available dataset 
provided by Viswanath et al. (2009) that has also been used and described in detail in 
Heidemann et al. (2010). It contains 63,731 users of the Facebook.com New Orleans 
Network connected by 817,090 undirected social links and exhibits the OSN specific 
characteristics (cf. Heidemann et al. 2010). The dataset also contains information on 
users’ communication activity in terms of 876,687 wallposts initiated and received by 
the users covered by the dataset. Each wallpost includes information about the 
initiator, the receiver, and the time at which the wallpost was made. Overall, the 
wallposts span 227 weeks from September 14, 2004 to January 22, 2009. In the 
following, we use these wallposts to represent users’ communication activity. To 
account for the potential bias induced by the strong growth of the number of active 
users after week 175, we chose two scenarios, i.e., a low volatility scenario spanning 
nine weeks from week 150 to 158 (scenario 1) and a high volatility scenario spanning 
from week 216 to 224 (scenario 2). Figure III.3-2 displays the development of the 
number of wallposts and the number of distinct active users covered by the dataset 
over time. 
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Figure III.3-2. Number of wallposts and number of active users over time 
Table III.3-1 summarizes both scenarios’ characteristics. 
Table III.3-1. Overview of scenarios’ characteristics 
Characteristic Scenario 1 Scenario 2 
Total number of active users 9,815 25,182 
Total number of wallposts 60,138 130,824 
Average number of active users per week 2,994 6,965 
Standard deviation of active users per week 100 894 
Average number of wallposts per week  6,682 14,536 
Standard deviation of wallposts per week 296 2,182 
For each scenario, we aim to predict the users’ number of wallposts during a 
forecasting period of three weeks, i.e., from week 159 to 161 (scenario 1) and 
week 225 to 227 (scenario 2), respectively. Therefore, we first derive each user i’s 
observed behavior (Xi=xi,txi,Ti) and estimate the parameters (r, α, a, b) by applying 
formula (III.3-3). Table III.3-2 summarizes the results. 
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Table III.3-2. Estimation results 
Parameter Scenario 1 Scenario 2 
r 0.485 0.420 
α 0.332 0.293 
a 0.433 0.742 
b 4.346 5.555 
Second, we calculate for both scenarios the expected number of each user’s wallposts 
in the forecasting period according to formula (III.3-4). To evaluate the suitability of the 
BG/NBG-based method for predicting users’ future level of communication activity in 
OSN, we apply the evaluation approach suggested by Fader et al. (2005). In 
Figure III.3-3, we report the average of the predicted along with the average of the 
actual number of wallposts that took place in the forecasting period broken down by the 
number of wallposts in the users’ observation periods for scenario 1. 
 
Figure III.3-3. Evaluation scenario 1 
The virtually absent deviation between the users’ predicted and actual wallposts 
highlights that in scenario 1 the BG/NBG-based method provides excellent predictions 
of the users’ number of wallposts in the forecasting period. Figure III.3-4 displays the 
evaluation’s results for scenario 2. 
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Figure III.3-4. Evaluation scenario 2 
Here, the evaluation reveals that the users’ actual level of communication activity is 
slightly underestimated. However, the deviation of 0.4 on average is quite small and 
constant. Thus, we think future work will be able to account for high volatility in the data 
by slightly adapting the method. Taken together, the BG/NBG-based method seems to 
be suitable for the prediction of users’ future level of communication activity in OSN. 
III.3.5 Conclusion 
Even though active usage has reached enormous scales, the majority of OSN relying 
on the advertisement-based business model face the challenge of generating 
sustainable revenues. Particularly the identification of users with high levels of future 
communication activity plays an important role when developing more effective 
advertising strategies by addressing users deliberately. For the identification of these 
users, we transferred a probability-based method, which has been primarily developed 
to forecast purchasing behavior of customers, to the context of users’ communication 
activity in OSN. The application and evaluation illustrated that the BG/NBG-based 
method seems to be suitable for predicting users’ future level of communication activity 
in OSN. Even though the method seems to be rather complex at first sight, the 
necessary parameters can be derived easily and the calculation can be automated and 
even be done in Excel, as pointed out by Fader et al. (2005). Nevertheless, future work 
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is needed to further evaluate the approach (e.g., regarding further sample groups), for 
instance by using other datasets and by considering also economic aspects. The 
method’s formal denotation implicates assumptions and limitations, for instance 
regarding the underlying probability distributions. Future work needs to address these 
issues either by confirming or by relaxing these assumptions. Moreover, upcoming 
challenges, for instance due to changing privacy practices, need to be carefully 
observed and considered when developing approaches for the identification of users 
with high levels of future communication activity. Finally, in line with prior research on 
the identification of influential users in OSN (e.g., Trusov et al. 2010) we did not 
address the question how responsive highly active users are to certain marketing 
strategies (e.g., word-of-mouth marketing). Even though this question is subject to 
future research, the BG/NBG-based method serves as a first step towards more 
effective advertising strategies in OSN. 
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IV Summary and Future Research 
In this chapter, the key findings are summarized (section IV.1) and potential starting 
points for future research are presented (section IV.2). 
IV.1 Summary 
The main objective of this dissertation was to contribute to the field of CRM with a 
particular focus on OSN – which impressively represent the digitally connected world 
we live in – and the identification of influential users within these networks. After the 
introduction of the foundations on OSN and their impact and value from a business 
perspective, the dissertation focused on the business areas marketing and sales. In 
this context, particularly the identification of influential users in OSN has been 
addressed, which is of great interest in both, research and practice. In the following, 
the key findings of the corresponding research papers included in this dissertation are 
summarized. 
 The objectives of chapter II were twofold: First, the concept of OSN should be 
defined and their development over time should be reviewed. Second, the impact 
and value as well as major risks and challenges of OSN should be demonstrated 
from a business perspective. Therefore, the first research paper started with a 
discussion of different existing terms and definitions that are used in the relevant 
literature on OSN. After setting the focus on user-oriented sites, the underlying 
concept including these sites’ functionalities, users’ motives to use them, and the 
structural characteristics forming the backbone of OSN has been introduced. 
Thereby, particularly findings related to the application of Social Network Analysis 
(SNA) to the graphs that can either represent users’ rather static connections or 
users’ actual communication activity in OSN have been discussed. The following 
review of the development of OSN over time and their classification regarding 
usage and focus revealed that the visibility and searchability of the users’ social 
networks and the viral diffusion of information are the main success factors for all 
types of OSN. Against this background, the phenomenon OSN has been critically 
reflected from a business perspective. It became apparent that the specific 
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characteristics of OSN and the enormous amount of data (e.g., information about 
the graph structure, user-generated content) can be leveraged by companies to 
generate business value along the value chain. As the discussion of prior research 
and selected examples from business practice revealed, especially the business 
areas marketing and sales can benefit from utilizing OSN for marketing campaigns 
or further areas of applications in the context of social CRM (e.g., reputation 
monitoring). However, besides these promising opportunities to create business 
value also risks and challenges, such as privacy issues or the potential spread of 
negative word-of-mouth, have been critically reflected to increase companies’ 
awareness when engaging in OSN. 
In chapter III, influential users and approaches for their identification have been 
researched in three sections.  
 In section III.1, the first objective was to outline fundamental research on social 
influence, influential people, and their identification in social networks before the 
rise of OSN. The second objective was to analyze and synthesize the growing 
number of publications on the identification of influential users in OSN. To achieve 
these objectives, three research questions have been derived in the second 
research paper based on related fundamental work: (1) How are influential users 
characterized in the context of OSN? (2) Which approaches have been developed 
and applied for the identification of influential users in OSN? (3) How have these 
approaches been evaluated and which implications have been derived? By means 
of a structured literature search, it has been found that the majority of existing 
studies characterizes influential users as particularly well-connected and active 
users. The analysis further revealed that one leading stream of research on the 
identification of influential users focuses on users’ strategic location, for instance by 
applying well-known centrality measures originating from SNA. A second major 
stream of research aims at solving the influence maximization problem by applying 
diffusion models and (greedy) algorithms to identify influential users in OSN. 
Regarding the evaluation of approaches it became apparent that most marketing-
oriented articles (mostly from the first research stream) draw on real-world datasets 
of OSN, while rather technical-oriented papers (mostly from the second research 
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stream) have a more theoretical approach and usually evaluate their artifacts by 
formal proofs. Finally, based on the findings, a research agenda has been 
proposed to motivate and guide future research. Amongst others, it has thereby 
been suggested that a stronger collaboration between the scientific BISE and 
Marketing community than observed today could be mutually beneficial. 
 In section III.2, the first objective was to develop a novel approach for the 
identification of influential users in OSN bringing main findings from prior research 
together. Subsequently, the second objective was to evaluate the novel approach 
against existing approaches that could alternatively be used by means of objective 
data. Based on relevant literature, the third research paper therefore highlighted 
concepts and findings from existing studies and pointed out the crucial role of 
users’ connectivity and communication activity in OSN. Following the design 
science research paradigm, a new artifact has been proposed taking into account 
these previously derived findings, that is, a method in terms of the novel PageRank 
based approach, which is composed of two steps. In the first step, a weighted 
activity graph has been derived as the basis for the identification of key users in 
OSN. In the second step, a novel PageRank based centrality measure has been 
suggested to rank users in accordance to their centrality scores. By using a 
publicly available dataset of Facebook, the novel PageRank based approach has 
been evaluated against competing artifacts, that is, common approaches that could 
have been alternatively used to identify key users in OSN (e.g., solely connectivity 
or activity based approaches). With users’ retention as the evaluation criterion, it 
has been illustrated that bringing concepts and findings from research on users’ 
connectivity and users’ communication activity together allows for achieving 
(significantly) better results than using solely connectivity or activity based 
approaches. 
 Finally, in section III.3, the focus has been on users’ communication activity in 
OSN. The objective was to propose an approach for predicting users’ 
communication activity in OSN to improve the effectiveness of advertising 
strategies by being able to address the most active users deliberately. Therefore, a 
probability-based method, which has been primarily developed to forecast 
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purchasing behavior of customers, has been transferred to the context of users’ 
communication activity in OSN. The application and evaluation using a publicly 
available dataset of Facebook illustrated that the method seems also suitable for 
predicting users’ future level of communication activity in OSN. 
Taken together, it can be concluded that the corresponding research papers included 
in this dissertation contributed to the existing literature in the field of CRM with a 
particular focus on OSN and the identification of influential users within these networks. 
Despite the presented findings, however, further challenges remain and offer starting 
points for future research. 
IV.2 Future Research 
In the following, potential starting points for future research are highlighted for each 
research paper included in the chapters or sections, respectively. 
 The overview of OSN and their potential business value along the value chain 
presented in the first research paper (cf. chapter II) did not intend to present a 
complete survey based on a structured literature review, but aimed at providing the 
most relevant information to follow up on each covered subarea. As OSN 
constitute a young but at the same time very large and interdisciplinary area of 
research, which evolves rapidly (Richter et al. 2011, p. 89), there is still room for 
further research: 
1. Future studies could select specific topics and conduct detailed and structured 
state of the art analyses, as for instance already done for the subareas 
Enterprise 2.0 (cf. Richter et al. 2011) or the identification of influential users in 
OSN (cf. section III.1). 
2. As the focus was on user-oriented sites and prior research on content-oriented 
sites such as YouTube or Flickr has consequently been omitted, future work 
could apply a broader definition of OSN to investigate content-oriented types of 
OSN as well. 
3. Finally, management and support processes such as human resources, 
information technology, or financial resources, which can also be supported by 
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OSN (Bonchi et al. 2011, p. 4), have only been briefly discussed or have not 
been considered so far. Thus, future research could on the one hand put a 
stronger focus on business areas beyond marketing and sales. On the other 
hand, specific subareas and related opportunities and challenges such as the 
application of social CRM and social Business Intelligence (BI) could be 
investigated in more detail (cf. e.g., Rosemann et al. 2012). 
 When conducting the structured literature search on the identification of influential 
users in OSN in the second research paper (cf. section III.1), the focus has again 
been on user-oriented OSN. Besides the possibility that not all relevant studies 
have been identified even though a rigorous research approach has been applied, 
certain findings that have only been derived in content-oriented OSN and sites for 
microblogging such as Twitter or the influence of offline interactions have not been 
considered so far.  
1. Future research could therefore focus on all types of OSN and beyond, 
considering all possible sources of user-generated content and platforms that 
support customer-to-customer interactions (cf. e.g., Libai et al. 2010; Smith et al. 
2012). 
2. Likewise, the focus on influential users in OSN could be broadened in order to 
discuss commonalities and differences of social influence in online and offline 
settings. Further studies might particularly investigate questions at the interface 
of online and offline worlds, for instance, how data available in OSN can be used 
to learn more about social influence that disseminates from online to offline 
settings. 
 Considering the influence of offline interactions could be beneficial when 
developing approaches for the identification of key users in OSN, too. For instance, 
the novel PageRank based approach presented in the third research paper (cf. 
section III.2) did not account for user interactions through other media or face to 
face. However, also users without or with only low levels of communication activity 
in OSN could influence advertisement effectiveness, users’ loyalty, and users’ 
willingness to pay for services in OSN through social influence exerted through 
other channels. 
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1. At this point, future research could investigate user behavior by conducting 
behavioral studies such as surveys or field experiments (cf. e.g., Fischbach et 
al. 2009) to get a more holistic view on users’ communication behavior and 
social influence. 
2. While the focus has been on a centrality based approach so far, diffusion 
models should be analyzed and evaluated in more detail as well (cf. e.g., Garg 
et al. 2011). Thereby, the suggested novel PageRank based approach could for 
instance be also evaluated against approaches belonging to the second 
research stream, which aims at solving the influence maximization problem by 
applying diffusion models and (greedy) algorithms (cf. section III.1).  
3. Furthermore, not only users’ connectedness and communication activity in terms 
of communication frequency could be incorporated. Future approaches for the 
identification of key users in OSN should also consider the actual content of user 
interactions in order to analyze if positive or negative and actually brand or 
product-related information is exchanged (cf. e.g., Lin and Goh 2011). 
4. When analyzing this user-generated content and electronic word-of-mouth in 
more detail, the quality of this data should be critically examined. Prior research 
indicates that data quality in OSN varies considerably (Chai et al. 2009, p. 791). 
From a private user perspective, for instance, users might face the problem of 
information overload if they are swamped with outdated information (Chai et al. 
2009, p. 791). From a professional user perspective, especially marketers 
depend on accurate up-to-date data when applying targeted advertising 
campaigns in OSN (Evans 2011) and recruiters rely on data presented within 
business networks such as XING or LinkedIn (Lin and Stasinskaya 2002). 
Hence, data quality in OSN should be considered in future research. 
5. Finally, new privacy practices and novel privacy protection directives might 
come up and reduce the available amount of data to conduct analyses in OSN. 
Against this background, the data requirements of approaches for the 
identification of key users in OSN have to be critically discussed. Moreover, 
users’ acceptance of marketing campaigns based on data from OSN should be 
considered carefully, as there might be also negative effects if users feel that 
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their right for privacy is neglected (cf. e.g., Krasnova et al. 2009; Krasnova et al. 
2010). 
 With respect to the fourth research paper (cf. section III.3), the proposed approach 
for predicting users’ communication activity in OSN has not been evaluated against 
competing approaches (e.g., regression models) and regarding the actual effect of 
users’ communication activity on marketing effectiveness. 
1. Prior research found that in contexts such as predicting customer retention 
probability based models outperform “curve-fitting” regression models (Fader 
and Hardie 2007, p. 76). Hence, the proposed probability based method for 
predicting users’ communication activity in OSN should also be evaluated 
against approaches that could be alternatively used to compare their accuracy 
and usefulness in the context of users’ communication activity in OSN. 
2. In line with prior research on the identification of influential users in OSN based 
on users’ communication activity (e.g., Trusov et al. 2010), the question of how 
responsive highly active users actually are to certain marketing strategies (e.g., 
word-of-mouth or targeted marketing) has not yet been satisfactorily answered. 
Therefore, future research revealing the actual (monetary) benefit of being able 
to identify users with high future levels of communication activity should be 
encouraged. 
3. To improve existing approaches such as the PageRank based approach 
presented in section III.2, findings from research on predicting user behavior 
(e.g., the proposed method allowing to forecast users’ communication activity) 
could be used to identify key users in OSN not only based on users’ past but 
anticipated future communication behavior. 
Taken together, selected topics from the field of CRM with a particular focus on OSN 
and the identification of influential users within these networks have been researched 
within the research papers presented in this dissertation. Even though some related 
questions could thus be answered, being close to the customer will remain a hot topic 
in research and practice over the next years: As for instance the IBM global chief 
executive officer (CEO) study 2012 just recently revealed, “CEOs are investing in 
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customer insights more than any other functional area [...]” to achieve a competitive 
advantage by developing a better understanding of individual customer needs (IBM 
2012, p. 7). With respect to a value-based (social) CRM, particularly the (economic) 
impact of our digitally connected world and OSN as maybe the most prominent 
representation should consequently be investigated in more detail. It is hoped, that this 
dissertation can contribute to this endeavor by offering new insights and starting points 
for future research. 
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